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This thesis entails the application of NMR and MS-based untargeted metabolomics to 
elucidate metabolic responses of freshwater phytoplanktons to abiotic stressors. 
Proteins, carbohydrates, amino acids and antioxidants are several classes of compounds 
that have been documented to change in freshwater phytoplanktons subjected to various 
abiotic stresses. Conventional techniques such as phenol-sulfuric acid, Bradford dye-
binding, reactive oxygen species activity assays were commonly used, but the analyses 
have pitfalls not limiting to requirement of large amount of samples, long analysis time, 
and restriction to selected few chemical classes. Untargeted metabolomics, the 
simultaneous detection and quantification of metabolites (including chemical 
unknowns) from biological samples could overcome these challenges. Moreover, 
unexpected or even novel responses to these abiotic stressors are likely to be captured 
using untargeted metabolomics. 
 In Chapter 2, we applied NMR-based metabolomics and targeted quantification 
of metal chelating compounds using LC-MS/MS to unravel the metabolic responses of 
temperate green microalgae, Chlorella vulgaris, to various concentrations of cadmium, 
lead and copper. Furthermore, metal removal capacity as determined by ICP-MS was 
used to evaluate the suitability of Chlorella vulgaris for single metal bioremediation. 
In Chapter 3, the effects of acute (24h) and prolong exposure (1 wk, 2 wks) of 
combined heavy metals to local green microalgae, Chlorella sp was elucidated using 
NMR-based metabolomics. Metallomics using ICP-MS was also applied to understand 
the interactive effects of heavy metals on essential element distributions and metal 
removal capacity.  
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 In Chapter 4, NMR and MS-based metabolomics were applied to unravel 
metabolic differences between toxic and non-toxic Microcystis sp. cultivated under 
high light stress. Putative metabolic roles of MCs were confirmed, and have served to 
expand the current knowledge on MCs' biological functions in Microcystis sp. Lastly, 
some of the future perspectives of metabolomics will be discussed in Chapter 5.  
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Chapter 1: Introduction to Metabolomics 
1.1 What is Metabolomics?  - A Promising 'OMICS' Technology 
Metabolism, a process involving numerous chemical transformations, is essential for 
the maintenance, growth and normal function of all living organisms (e.g. bacteria, 
fungi, plants, animals, humans). During metabolism, small-molecular-weight 
metabolites are formed either as intermediates or end-products of various chemical 
reactions. Generally, the metabolites include organic (e.g. amino acids, fatty acids, 
carbohydrates, vitamins and lipids), inorganic and elemental species (e.g. metals and 
metalloids). The metabolome, typically represented by the entire collection of 
metabolites present in biological systems under a given set of physiological condition, 
offers a window to reveal the specific biochemical activities behind the phenotypic 
characteristics.1 The comprehensive analysis of the metabolome of any biological cell, 
tissue, organ or whole organism is defined as metabolomics. Like genomics, 
transcriptomics and proteomics, metabolomics is part of the 'omics' platform 
technologies. It is commonly applied as an individual tool or in combination with other 
'omics' approaches to understand the behaviour of biological systems at the molecular 
level. Due to the chemical and structural diversity of metabolites, metabolomics could 
be further sub-categorized into glycomics and lipidomics for the global analysis of 
carbohydrates and lipids respectively. The full range of 'omics' platforms and their 
corresponding molecular targets are illustrated in Figure 1.1.   
 Biological sequential information (e.g. DNA, mRNA, proteins) lend itself to 
'omics' analysis, to understand changes in the organism physiology as a consequence 
of environmental stimuli or genetic perturbation. Ideally, the analysis of gene and 
protein expression levels could shed light on the effective biochemical activities.2 But  





Figure 1. 1 Schematic illustration of 'omics' platform technologies and their 
corresponding analysis targets.3 (Reproduced with permission by SAGE journals) 
these molecular changes do not usually correlate with the phenotype because the 
functions of gene and proteins are subjected to epigenetic regulation and 
posttranslational modification respectively.1 Moreover, proteins translated from mRNA 
may or may not be enzymatically active, which would be a limiting factor to the overall 
chemical activities. In contrast, metabolites could serve as a direct functional readout 
of the organism's physiological state, as the biochemical activities are accurately 
reflected by the pool of metabolites.4 Furthermore, responses to genetic perturbation 
are hierarchically amplified from the genetic information, making changes in the 
metabolome more easily measurable and quantified as compared to either the 
transcriptome or proteome. Unlike genomics and proteomics, metabolomics is not 
limited by the availability of fully sequenced genomes and well-annotated protein 
database for each species.5 This aids to expand research boundaries beyond model 
organisms such as Escherichia coli, Chlamydomonas reinhardtii, Mus musculus and 
Danio rerio, Arabidopsis thaliana. Metabolomics, in particular metabolic profiling, is 
more cost-efficient6, and high throughput2 as compared to other 'omics' approaches, 




which makes it attractive to analyse and compare different sample types (different 
organs, different body fluids) for a more comprehensive understanding of the organism 
metabolic responses. 
 Since 2000, the total number of citations with the keyword 'metabolomics' have 
increased exponentially (Fig. 1.2). Based on the data, metabolomics had been applied 
in a wide range of research areas such as biomarker discovery7, 8, functional genomics9, 
environmental and biological-stress studies10, 11 and integrative systems biology9. 
Metabolomics is a versatile technology because every organism has a similar set of 
primary metabolites, which are involved in central metabolism for normal cell growth, 
development and reproduction.2 However, the size of the overall metabolome may vary 
greatly among organisms, as a large fraction of the metabolome comprises secondary 
metabolites, of which many of these compounds are species-specific. For example, 
Saccharomyces cerevisiae contains approximately 600 metabolites12, whereas the plant 
kingdom has an estimated 200,000 primary and secondary metabolites13. The human 
metabolome is expected to be even larger in size even though about 42 000 metabolites 
have been identified through the human metabolome database (HMDB)14-16. Due to the 
complexity and exclusivity of the secondary metabolites, the secondary metabolite 
profiles could reflect differentiation between species. Investigation of secondary 
metabolic fluxes could also reveal long-term effect of environmental stimuli and 
genetic modification towards the organism, in contrast to primary metabolic fluxes 
which shed light on the organism immediate nutritional and growth status. 





Figure 1. 2 Total publications per year for the keyword "Metabolomics" in Scopus for 
the years 2000 to 2014 
1.2 Different Strategies in Metabolomics - Targeted or Untargeted 
Approaches 
At present, metabolomics analysis encompasses different strategies, which are typically 
categorized into two distinct groups: targeted and untargeted approaches.17 Targeted 
metabolomic approach is driven by a hypothesis or specific biochemical question. This 
approach is largely applicable in drug discovery for pharmacokinetic studies of drug 
metabolism, and measurement of metabolic changes influenced by genetic 
modifications on specific enzymes.18 In general, the sample for targeted analysis is split 
into aliquots for extraction using different solvents and subjected to different 
derivatization steps based on the chemical properties of the  different classes of 
analytes.19 Metabolites measured in targeted metabolomics are chemically 
characterized, biochemically annotated and specific to one or more related metabolic 
pathways. Tens to hundreds of metabolites in 6 to 7 chemical classes can be determined 
in a single analytical run.19  
 In contrast, untargeted metabolomics aims to simultaneously measure as many 
metabolites as possible (including chemical unknowns) from the biological sample in 




an unbiased manner. There are three conceptual approaches in untargeted 
metabolomics, namely global metabolic profiling20, metabolic fingerprinting21 and 
metabolic footprinting2. In metabolic profiling, a larger set of compounds with similar 
chemical nature (e.g. polar or non-polar) are analysed and determined in a single 
analytical run. The metabolite profile which comprise both identified and unknown 
compounds is typically unique to the sample. A comparison of metabolite profiles 
across all samples could filter out significantly differentiated compounds in terms of 
signal intensity, and these compounds could likely explain changes in the organism's 
physiological state as a consequence of genetic modification or environmental stimuli. 
To date, different classes of metabolites in various biological systems including plants21, 
22, urine23, 24 and plasma25, 26 samples have been profiled for application in functional 
genomics20 and biomarker discovery27.  
 Instead of unbiased assignment of signals to identified and unknown 
compounds, metabolic fingerprinting compare the differences in distribution of signal 
intensity between samples, before the signals that can significantly discriminate 
between samples are filtered out and identified. Metabolic fingerprinting greatly reduce 
analysis time as compared to the comprehensive profiling of the metabolome,28 hence 
it is the preferred untargeted metabolic approach to investigate biological questions 
arise from a wide range of research areas not limiting to plant genomics, food science 
and environment. Metabolic fingerprinting served as an essential complementary tool 
to plant genomics, as the 'downstream' changes influenced by genetic modifications are 
reflected in the plant metabolite fingerprints.29, 30 Hence, understanding changes in the 
secondary metabolites as a consequence of specific genetic modification would 
contribute greatly toward achieving the ultimate goal of plant genomics. A comparison 
of  food metabolite fingerprints could predict the quality and source of several high-




value food products such as tea31, royal jelly32 and wine33, and be used as a tool to proof 
food authenticity and determine possible adulteration by natural or artificial products. 
Metabolic fingerprinting are also commonly used, in addition to conventional toxicity 
tests, to assess the response of biological systems10, 34 toward abiotic (e.g. temperature35, 
salinity36, drought37 and heavy metals38) Applications of untargeted metabolomics in 
the environmental aspect will be further discussed in the following sections.  
 While metabolic profiling and fingerprinting involves the investigation of 
intracellular (endometabolome) metabolites in biological systems, metabolic 
footprinting studies the pool of metabolites secreted into the extracelluar fluid 
(exometabolome). Metabolic footprinting is typically used for the analysis of spent cell 
culture medium2, 39, and to identify potential quorum sensing metabolites within a 
microbial community.40 Several advantages of metabolic footprinting over metabolic 
fingerprinting include lower metabolic turnover rate and easier sample preparation 
workflow. Metabolic turnover is defined as the conversion of newly incorporated 
carbon and nitrogen sources into Gibbs free energy (ATP, NADPH) and end-products 
of biochemical reactions within living cells.41 When metabolites are released into the 
extracelluar fluid, the relative ratio of extracelluar and intraceullar volumes increased, 
and metabolites are less prone to biochemical conversion.2 The stability of secreted 
metabolites indicated that rapid quenching of samples using liquid nitrogen, an essential 
step prior to the analysis of intracellular metabolites, could be avoided. Since the 
secreted metabolites are readily available in the sample matrix, the sample preparation 
workflow could be further simplified without the need of cell lysis and homogenization. 
Metabolic footprinting could also overcome the challenges to scale up cell cultures for 
high-throughput screening39, as samples (e.g. spent medium) used for this untargeted 
approach could be easily collected without damaging the cells. However, metabolic 




footprinting serve as a complementary metabolic analysis rather than to replace the 
comprehensive study of endometabolome, as the secretory activities reflect cellular 
secondary metabolism2; not the central metabolism.  Primary metabolites involved in 
the central metabolism are not released into the extracellular fluid, hence sole 
investigation of the exometabolome might not reveal the organism nutritional and 
growth status. The different metabolomics strategies are illustrated in Figure 1.3. 
 
Figure 1. 3 Schematic representation of the different metabolomics strategies and their 
trade-off between metabolite coverage and the quality of metabolic analysis 
1.3 Generic Workflow of Metabolome Analysis 
The workflow for metabolome analysis consist a sequence of steps including sample 
preparation, metabolite extraction, sample derivatization, chromatographic separation, 
metabolite detection and data treatment (Fig. 1.4).42 Apart from two essential steps, 
namely metabolite detection and data analysis, all other steps are not always required. 
The final workflow depends on the metabolomics approach (targeted vs untargeted), 




type of samples (e.g. biofluids, cells, and organs), choice of analytical instrument for 
metabolite detection (NMR vs MS). Untargeted approach aims to detect a wide range 
of metabolites, with chemical identities and physico-chemical properties unknown prior 
to analysis. Hence, the ideal sample preparation method for untargeted metabolomics 
should be unselective, simple and fast with minimal steps to prevent metabolites loss 
through fractionation. The analytical tool used should be robust and sensitive to detect 
large volumes of metabolites, and the data analysis method should handle large volume 
of data generated. In contrast, the chemical nature of the metabolites in targeted analysis 
are known, hence the sample preparation and metabolite detection steps should be as 
selective as possible to remove matrix interference, reproducible and allow for 
implementation of pre-concentration and clean-up steps, if required.43    
 
Figure 1. 4 Schematic representation of the process of metabolomic analysis.42 
(Reproduced with permission from Elsevier) 
 1.3.1 Sample Preparation 
Sample preparation is an important factor attributing to the success of metabolomics as 
the use of state-of-the-art technologies will not produce quality results, which reflect 




the true metabolome at the sampling time, if the biological samples are poorly 
prepared.44 Rapid quenching, the first essential step for sample preparation of cells and 
tissues prevents degradation of easily oxidizable species (e.g. ascorbic acids, dopamine) 
and slows down residual enzymatic activities within the samples. Commonly used 
quenching methods include snap-freezing in liquid nitrogen for plants and tissues22, and 
immersion in pre-chilled organic solution for cell cultures, which later doubles as the 
extraction solvent45. Subsequently, frozen solid samples are subjected to lyophilization 
to preserve the samples by moisture removal. It also minimize possible differences 
within samples due to dissimilarities in the moisture content between groups of 
sample42, which could increase the confidence of data obtained through metabolic 
fingerprinting. Large solid samples are later ground using small pestle/ tissue grinder 
or homogenized in ball mill under liquid nitrogen, to increase the sample surface area 
and enhance release of metabolites during extraction.22, 45  
 Slightly different preparation steps may be adopted for liquid biological samples 
(e.g. biofluids, cell medium). For example, gentle centrifugation (3000 rcf for 5 min) is 
a usual practice in dealing with plasma, serum and urine samples to remove materials 
such as cellular components or proteins from the suspension.46 Concentrated or viscous 
liquid samples could be diluted in reconstitution solvent compatible for the analytical 
instrument before metabolite detection, but this approach is rarely used. More 
commonly, diluted samples are concentrated by ultrafiltration or solid phase extraction 
(SPE) so that the metabolites concentration are within the detector's dynamic range. In 
ultrafiltration, samples are placed in filters with specific molecular weight cut-offs, 
which only allow compounds with molecular weight smaller than the cut-off limit to 
pass through. Filters with molecular weight cut-offs of 3 kDa could separate small 
molecule metabolites from proteins and other macromolecules, and is useful for sample 




preparation of samples with high protein content (e.g. plasma, serum).43 Similar to 
ultrafiltration, SPE served as a pre-concentration and sample clean-up method but is 
limited by the selectivity of the sorbent phases such as ion exchange, normal phase and 
reverse phase. Hence, SPE is generally used for sample clean-up prior to targeted 
metabolome analysis.   
 1.3.2 Metabolites Extraction 
The next critical step in metabolomics is the extraction of metabolites, which aims to 
maximize both the amount and concentration of compounds yielded from the samples. 
In untargeted metabolomics, the nature of compounds is mostly unknown, hence an 
unbiased extraction method is required. Classical solvent extraction is the most popular 
method. The extraction efficiency depends largely on the choice of solvent, which in 
turn is dependent on the analytical method used for metabolites detection. The main 
advantage of using organic solvents (solvent strength between 0.2 to 0.947) rather than 
water (solvent strength > 147) itself is that more diverse types of metabolites can be 
extracted. Moreover, addition of miscible solvents such as ethanol and methanol to the 
samples aid in the removal of proteins via protein precipitation, which would otherwise 
have detrimental effects on analytical detections.  
 In general, non-polar compounds are extracted for gas chromatography mass 
spectrometry (GC-MS) analysis by non-polar solvents such as chloroform alone or 
combined with methanol. Polar solvents (e.g. water and methanol mixture) is 
commonly used to extract more polar compounds for analysis by liquid 
chromatography (LC)-based methods and nuclear magnetic resonance spectroscopy 
(NMR). The classical solvent extraction method should be optimized for different 
biological samples by varying the types and proportions of solvents to maximize the 




extraction yield. Sequential extraction using methanol-water-chloroform (MeOH-H2O-
CHCl3) mixture in different proportions is highly favourable. These solvent mixtures 
facilitate the extraction of a more diverse class of metabolites; both polar and non-polar 
metabolites.48 As the non-polar fraction comprises mainly lipids and fatty acids, some 
samples such as food49 and plants may have low or no discrimination patterns in the 
hydrophobic fraction. In such cases, hydrophilic extraction using MeOH or MeOH-
H2O is preferred. 
 Perchloric acid, a strong oxidising acid with acidity comparable to hydrochloric 
acid, is also widely used for extraction of metabolites50. Perchloric acid allows efficient 
extraction of polar compounds, which includes majority of the primary metabolites, and 
yields protein-free extract by efficient protein denaturation and precipitation. Extraction 
using perchloric acid also restricts enzymatic modification and slows down degradation 
of metabolites, but this method is not suitable for hydrophobic and acid-labile polar 
metabolites. Additional steps of pH neutralization using potassium carbonate or 
hydroxide solution, and removal of perchlorate salts formed during the neutralization 
step, make the process laborious and unattractive for high-throughput analysis. 
Furthermore, high variation between samples may be introduced due to human error 
during pH adjustment.51 
 In recent years, ionic liquids have gained recognition as an attractive alternative 
to traditional organic solvents for sample extraction. Ionic liquids, present in the liquid 
state at room temperature, composed of an organic cation and an organic or inorganic 
anion. With the ability to interchange the corresponding cationic/ anionic moieties, 
there are estimated 1018 possible combinations of ionic liquids.52 The extensive number 
of ionic liquid combinations allow optimum extraction yield, selectivity 
(enantioselectivity), substrate solubility and compound separation.52  Hence, ionic 




liquids hold great potential as the next generation of extraction solvents in metabolome 
analysis, as it could be designed for application in targeted metabolomics to extract 
specific groups of compounds (e.g. pharmaceutical entities53, emerging contaminants54, 
55), and untargeted metabolomics for the extraction of all medium-polarity 
metabolites48. 
 1.3.3 Separation and Detection of Metabolites 
Detection of metabolites in targeted and untargeted metabolomics are largely 
dominated by two analytical technologies: nuclear magnetic resonance (NMR) 
spectroscopy and mass spectrometry (MS)-based analysis. While NMR works well 
without analyte separation, MS is commonly coupled to separation techniques such as 
liquid chromatography (LC), gas chromatography (GC) and capillary electrophoresis 
(CE). Different analytical technologies have been employed because metabolites 
extracted using a classic solvent extraction method vary greatly in chemical structures, 
molecular weight, physicochemical properties, abundance and solubility. In the 
following sections, applications of the various analytical technologies in in the context 
of metabolomics will be discussed. 
Nuclear Magnetic Resonance (NMR)-based Metabolomics  
NMR spectroscopy has been used as a major analytical tool for various applications in 
metabolomics such as quality control, classification, analysis of genetically modified 
organisms, understanding interactions with other organisms and the environment. The 
dominance of NMR-based metabolomics in scientific literatures is attributed by a large 
number of advantages over other analytical techniques. The analysis method is non-
destructive, reproducible, efficient (>100 samples/day), and requires little or no sample 
preparation. With a simple addition of deuterated solvent, the metabolome of typical 




liquid samples (e.g. biofluids, growth medium) can be determined directly using NMR. 
High resolution magic angle spinning (HR-MAS) NMR allow analysis of intact plants 
and animal tissues without going through the hassle of metabolite extraction. Two 
essential MS steps, namely chromatographic separation and compound ionization, 
could also be omitted with NMR, hence lesser optimization is required prior to NMR 
analysis. As NMR spectroscopy measures all high abundance metabolites that contain 
NMR-active nuclei such as 1H, 13C , 19F , 31P atoms, it can be used to measure almost 
all polar and non-polar metabolites in the samples. The ease of metabolite quantification 
makes NMR analysis attractive for use in targeted metabolomics, where the absolute 
quantity of metabolites is determined by comparing the ratio of signal intensity between 
unknown peaks and internal standard with known molar concentration.  
 Standard one-dimensional proton NMR (1D 1H NMR) is the most commonly 
used pulse sequence in NMR-based metabolomics. Typical acquisition parameters 
include 60⁰ hard pulse, 12 ppm spectral width, 2 s recovery delay, and 160 transients 
collected into 32k data points. The free induction decay (FID) is processed by Fourier 
transformation, exponential line broadening of 0.5 Hz, phased, baseline corrected and 
calibrated to the internal standard signal at 0.00 ppm.56 The sensitivity of detection, 
signal-to-noise ratio and spectral resolution improved with increasing NMR magnetic 
field strength, hence 1H NMR operating frequency in the range of 500-600 MHz is 
recommended for analysis of soluble low-molecular weight mixtures. Most samples 
especially biofluids have three times more abundance of water than metabolites. Strong 
water signal resulting from the high water content may mask resonances arise from 
metabolites in the 1D 1H NMR spectrum. Thus, suppression of water resonance using 
weak irradiance during the relaxation delay such as pre-saturation utilizing relaxation 
gradients and echos (PURGE), is widely used in metabolomics during acquisition of 




1D 1H NMR spectrum. Presat-Car-Purcell-Meiboom-Gill (presat-CPMG) is also used 
in NMR-based metabolomics to selectively acquire small molecular weight metabolites 
with high mobility, and this technique generally obtain better spectral baseline and 
resolution as compared to PURGE alone.57   
 Undoubtedly, the weakness of NMR lies in its low detection sensitivity as 
compared to mass spectrometry (MS), which drastically limits the number of detectable 
metabolites. In the recent decade, technological advancements in hardware58 (e.g. high 
resolution NMR, cryoprobe) have improved the sensitivity of NMR, but these 
improvements could not overcome the problem of severe signal overlapping when 
standard 1D 1H NMR spectroscopy is used. Better signal resolution could be achieved 
through 2D NMR spectroscopy, which not only reduce signal overlap by distributing 
the resonances in a second dimension, but also facilitates identification and 
quantification of metabolites with higher confidence.  
1H J-resolved spectroscopy (J-RES) is a common 2D NMR technique used to 
improve spectral resolution, but it is slightly different from conventional 2D correlation 
experiments, where both axis are represented by chemical shifts information.59 In J-
RES projection, the chemical shifts and J coupling are separated into two independent 
dimensions, and the signals are only projected in the chemical shift axis. In other words, 
J-RES spectrum is equivalent to a 1D 1H decoupled NMR spectrum, and the spectrum 
has lesser spectral overlap as it losses the J-coupling multiplicity. Similar to CPMG, 
signals from macromolecules (e.g. proteins, polysaccharides) with short T2 relaxation 
times are suppressed. Although J-RES resolve the issue of spectral overlap, the 
limitation of longer acquisition time, which is typically three to four times more than 
1D NMR experiments, and loss of J-coupling multiplicity, which is essential for 
compound identification, makes 1D NMR spectroscopy more attractive for routine 




metabolome analysis. A comparison of 1H NMR spectra using different pulse 
sequences is illustrated in Figure 1.5. 
 
Figure 1. 5 Comparison of 1H NMR spectra of control Eisenia fetida earthworm tissue 
extracts using three different 1D NMR techniques: presaturation utilizing relaxation 
gradients and echos (PURGE), Carr–Purcell–Meiboom–Gill (CPMG), and J-resolved 
spectroscopy (J-RES).60 (Reproduced with permission from NRC Research Press) 
Mass spectrometry (MS)-based Metabolomics 
Mass spectrometry (MS) is another major detection method used in targeted and 
untargeted metabolomics. The MS consist of four components, namely ion source, mass 
analyser, detector and data system. The availability of a wide range of ion sources, 
which facilitate the formation of gas phase ions suitable for resolution in the mass 
analyser or mass filter, offers the flexibility to analyse metabolites with diverse 
chemical natures (e.g. polar, non-polar and thermal-labile). Figure 1.6 illustrate the 
relationship between the ionization sources and the various classes of analytes. The 
classic ionization method include electron ionization (EI) and chemical ionization (CI). 
Although the mechanisms to ionize the sample differ slightly, these 'hard' ionization 
techniques generally produce unstable molecular ions [M]+● which would further 




fragment to stable products. Significant fragmentation upon hard ionization has its 
advantages and disadvantages. For example, fragmentation patterns produced from 
molecular ions are useful information which could aid in structural elucidation and 
metabolite identification. However, the molecular weight of analyte might not be 
determined, as the molecular ion is loss through extensive fragmentation. As the sample 
to be ionized must be in the gaseous state, these hard ionization techniques are coupled 
predominately to GC, and combining HPLC with EI and CI has proven to be 
challenging as it is difficult to remove HPLC solvent before ionization. With the 
capability to generate either positive [M]+● or negative ions  [M]-●, EI and CI are 
specific for non-polar, volatile and thermostable metabolites.  
 Atmospheric pressure ionization techniques were subsequently introduced to 
resolve the LC-MS interface issue. In contrast to CI and EI, these 'soft' ionization 
methods are favourable for untargeted metabolomics, as it forms intact molecular ions 
and aids in initial compound identification. Electrospray ionization (ESI) is the 
preferred choice for profiling of unknown polar and ionic compounds with mass range 
from 100 to 100 000. While most small molecules metabolites are singly charged by 
ESI, proteins and peptides with molecular mass > 104 are commonly present as multiply 
charged ions. As ESI is a concentration dependent process, the sensitivity of the 
technique is highly influenced by the sample concentration. In any instance, 
concentrated samples analysed at low flow rate (1 μL/min) would provide better 
sensitivity than diluted samples analysed at high flow rate (1 mL/min). Thus, ESI might 
not be suitable for high-throughput analysis.61 Atmospheric pressure chemical 
ionization (APCI) and atmospheric pressure photoionization (APPI) could be 
complementary to ESI for the analysis of low molecular weight, thermally-stable, non-
polar and neutral compounds. Since both ionization approaches are compatible with 




HPLC operating at high flow rates (100 - 500 μL/min), they have the advantage over 
ESI for high-throughput analysis. However, the overlapping of [M+1]+● arise by 13C 
isotopes and molecular ion [M+H]+● served as a major disadvantage of APPI, as it 
would complicate molecular mass determination.62    
 
Figure 1. 6 Relationship between the ionization sources and the various classes of 
analytes.  
 Molecular ions produced by 'soft' ionization techniques and subsequently 
determined by mass spectrometry detector (MSD) operating in full scan mode is 
insufficient to conclude the compound identities. In metabolomics, tandem mass 
spectrometry (MS/MS) is commonly used for further metabolite identification and 
validation through molecular ion fragmentation by collision-induced dissociation (CID). 
Thus, the versatility of mass analysers working in tandem configuration offers 
flexibility for qualitative and quantitative analysis of metabolites. For MS/MS, the 
multiple stages of mass analysis separation could be carried out within individual mass 
spectrometer components separated in space (quadrupole-based tandem in-space MS) 
or single mass spectrometer with MS steps separated in time (ion-trap-based tandem 
in-time MS). Triple quadrupole (QqQ) and quadrupole time-of-flight (QTOF) are the 
most widely used quadrupole-based tandem in-space MS for targeted and untargeted 




metabolome analysis respectively. QTOF is an attractive tool for untargeted 
metabolomics due to its relatively lower cost as compared to other high resolution MS, 
wide linear dynamic range (102 to 106), fast scan rate (ms), relatively high mass 
accuracy and small footprint.61 The high specificity by using multiple reaction 
monitoring (MRM) mode, low cost, high linear dynamic range (107) and low detection 
limits (~ ng/mL) in various sample matrices makes QqQ an robust instrument for 
targeted metabolomics.63 Some examples of ion-trap-based tandem in-time MS used in 
metabolomics include linear ion-traps (LITs) combined with quadrupole (e.g. QTRAP, 
Sciex), Orbitrap (e.g. LTQ-Orbitrap, Thermo Scientific) and Fourier transform ion 
cyclotron resonance (e.g. LTQFT, Thermo Scientific).61 These tandem mass analyser 
configurations are great for fragmented ions produced by EI and CI, as the initial ions 
of all m/z values are first confined in the trap, and later released to the detector 
accordingly based on their m/z. The additional capability of multiple stages 
fragmentation (MSn) makes ion-trap-based tandem in-time MS attractive for analysis 
of large biomolecules such as proteins, peptides and lipids.  
Gas Chromatography - Mass Spectrometry (GC-MS) 
As it is easy to interface chromatographic separation tools with MS, a separating device 
is normally introduced before the ion source, so that the complex sample mixture can 
be separated prior to entering the MS. Metabolites are separated either using gas 
chromatography (GC) or high-performance liquid chromatography (HPLC), with some 
studies using capillary electrophoresis (CE). Metabolite profiling from a complex 
biological matrix using GC64 from as early as the 1960s built the foundation to 
metabolomics today. As GC-MS has long been used for metabolite profiling of 
biofluids26, 65, 66 (e.g. urine, serum, plasma), there are extensive compound databases 
(e.g. FiehnLib67, NIST) and experimental protocols ranging from instrument operation 




and maintenance to chromatogram evaluation and interpretation22, particularly in 
clinical metabolomics. Hence, less time is invested in development new methods or 
optimizing existing sample extraction and instrument operation methods for new 
applications or new biological systems. Other advantages of GC-MS over other 
chromatographic separation tools include (1) more reproducible retention times as 
compared to LC, (2) compatible with EI and CI, (3) better separation of compounds in 
gas than liquid phase, (4) lowest purchase cost from all available metabolomic 
technologies including NMR, and (5) absence of ion suppression.22, 68  Although GC-
MS has a relatively broad coverage of compound classes including phosphorylated 
intermediates, lipophilic compounds, sugar alcohols, sugars, amino acids69, this 
technique is limited to thermostable and volatile metabolites. Furthermore, to enhance 
sample vaporization and increase lipophilicity of the compound, the samples are 
subjected to an additional derivatization step before analysis on GC-MS, which 
commonly involved conversion of polar O-H and N-H groups to bulky, non-polar silyl 
groups.  
Liquid Chromatography - Mass Spectrometry (LC-MS) 
Direct analysis of sample without the need of derivatization is a clear advantage of LC-
MS over GC-MS. HPLC is the most versatile separation method when compared 
against GC and CE, as it allows separation of compounds with a wide range of polarity. 
This is made possible because different stationary phase may be used during liquid 
chromatographic separation. Reverse-phase LC (RPLC), which employ hydrophobic 
stationary phase (e.g. C8, C18), has stronger affinity for less polar compounds and are 
used to separate semi-polar metabolites such as phospholipids, alkaloids, flavonoids 
and other glycosylated species. In contrast, hydrophilic interaction chromatography 
(HILIC) uses hydrophilic stationary phases (e.g. unmodified bare silica, diol, amide, 




zwitterionic) to separate polar compounds including amino acids, sugars, nucleotides 
and carboxylic acids.63 Hence, LC-ESI-MS has become the preferred choice for 
targeted and untargeted metabolome analysis in complex matrices.70 However, LC-
ESI-MS is prone to ion suppression.71 Ion suppression is a phenomenon where the 
signal to noise ratio is greatly reduced as a consequence of competition between 
analytes and other endogenous or exogenous interference in the sample matrix for 
ionization efficiency at the ionization source. Since ion suppression has more 
deleterious effect on ESI as compared to APCI, LC-APCI-MS may be used to overcome 
ion suppression. Another shortcoming of LC-MS is the restriction of compound 
identification, such as limiting the differentiation and identification of stereoisomers. 
The application of NMR and/or CE-MS in complement to LC-MS-based metabolomics 
would be able to overcome this challenge.  
Capillary Electrophoresis - Mass Spectrometry (CE-MS) 
Similar to LC, CE has a clear advantage over GC as no derivatization step is required 
prior to sample analysis. The separation mechanism of CE is fundamentally different 
from chromatography (RPLC, HILIC), and analytes are separated according to their ion 
mobility through electrolyte solutions under the influence of an electric field. Although 
CE is suitable for the analysis of compound classes comparable to HILIC - polar and 
charged compounds, the different separation mechanism allows CE to provide 
complementary or even additional information on the sample metabolome. Additional 
information may include geometrical isomers which are better resolved in CE as 
compared to LC. As compared to LC, CE is more cost efficient as simple fused-silica 
capillaries instead of expensive LC columns are utilized. The low organic solvent 
consumption during CE analysis further cut laboratory operational costs from the 
purchase of solvents to waste disposal. Considering the benefits of CE, CE-MS has 




been recognized as an attractive tool for targeted and untargeted metabolome analysis. 
The widespread applications of CE-MS in metabolomics has been reviewed by 
Ramautar and co-workers.72 While the low sensitivity of CE due to small loading 
volumes may be overcome by incorporating pre-concentration steps before analysis, 
the main problem of CE-MS lies with the poor reproducibility and analytical robustness 
for routine or high-throughput analysis.73 With that reason, CE-MS is commonly used 
as a complementary tool rather than an individual tool for discovery metabolomics. 
Table 1. 1 Strengths and weaknesses of NMR and MS for metabolome analysis 
  NMR MS 
Detection Limits Sub-micromolar (10-6 M) Picomolar (10-12 M) 
Sample Handling Whole sample analyzed in one 
measurement 
Analysis of specific classes of metabolites 
depending on column chemistry, ion 
suppression, +ve or -ve ionization modes 
Sample Volume Typically 400-600 μL Low μL range 
Sample Recovery Non-destructive Destructive 
Analytical 
Reproducibility 
Very high Fair, better in GC-MS 
Sample 
Preparation 
Minimal; Dilution in buffer 
containing D2O and chemical 
shift reference 




Easy; Database and 1D or 2D 
NMR spectra of standards 
Challenging; Requires MS, MS/MS and 
retention time 
Time for Sample 
Analysis  
5-10 min for 1D 1H NMR 15-30 min for UPLC-MS 
Robustness High Low 
Analysis of Tissue 
Samples 
Yes; HR-MAS NMR No 
Availability of 
Databases 
Not comprehensive; Chenomx 
software 




20-50 300 (GC-MS) to 4000 (LC-MS) 
The relative strengths and weaknesses of the two major technologies, NMR and 
MS, for targeted and untargeted metabolomics are summarized in Table 1.1. Although 
NMR and MS are highly sophisticated and functional, the shortcomings of each tool 
and the huge diversity of chemical natures, abundance and structures of metabolites 
within each sample, suggest that there is no single technology available at present to 
analyse the whole metabolome. Therefore, a number of complementary tools or 




approaches have to be established to detect, quantify and identify as many metabolites 
as possible.  
 1.3.4 Data Analysis 
Data analysis, a process which utilized bioinformatics tools to find significant changes 
in samples acquired by NMR and/or MS, is a crucial step in the metabolomics workflow. 
Bioinformatics tools allow researchers to process vase amount of data generated from 
metabolite detection, and quickly focus on specific metabolites that could aid in 
understanding the effect of genetic perturbations or external stimuli on test subjects. 
Data analysis strategies are usually divided into targeted and untargeted approaches. A 
general workflow of MS data analysis for untargeted metabolomics is illustrated in 
Figure 1.7. 
 
Figure 1. 7 Data analysis strategies for targeted and untargeted metabolomics74 
(Reproduced with permission from Elsevier) 
Data Pre-processing Approaches 
The first step involved in untargeted data analysis strategy is to create an organized 
two-dimensional data matrix consisting of variables (e.g. metabolites, peaks, spectral 
bins) and their respective quantitative values. Subsequently, the vase amount of data 




from the organized data matrix is subjected to multivariable analysis to filter out 
variables that are distinctively different among the samples. Although multivariable 
analysis is robust and convenient for identifying significant variables, the shortlisted 
variables are supervised under univariate analyses to reduce the number of false 
positive and false negative hits.  
 The organized data matrix is constructed differently for NMR and MS data. In 
general, NMR spectroscopic data are subjected to post-instrumental processing such as 
Fourier transformation, phase adjustment, line broadening and baseline correction. 
Post-instrumental processing are either performed using vendor's operational software 
(e.g. VNMRJ for Agilent Technologies, TopSpin™ for Bruker) or third party NMR 
metabolomics software (e.g. Chenomx NMR Suite by Chenomx). Misalignments of 1H 
NMR spectra attributed by factors such as instrument instability, temperature 
fluctuation and pH if buffer solutions are not used, could be a bottleneck for NMR-
based metabolomics as it could lead to incorrect interpretation of statistical analysis 
resulting in false positives and false negatives.75 A popular approach employed to 
correct misalignments across tens to hundreds of NMR spectra in a typical metabolomic 
study is known as spectral binning or bucketing. In spectral binning, the spectra are 
divided into evenly spaced windows, named bins or buckets, with spectral width 
ranging from 0.01 ppm to 0.04 ppm. As the intensities within individual bins are 
summed up, spectral binning creates a smaller set of quantifiable variables.76 Hence 
this method also aids in reducing the dimensionality of the NMR spectrum to increase 
tractability of multivariate statistical analysis. The end result of spectral binning would 
be a data matrix consisting spectral bins with specific chemical shift and their relative 
intensity. 




 Spectral binning has a number of drawbacks such as multiple independent 
analytes may contribute to the signal intensities of a single bin, or a given analyte may 
get split between two adjacent bins. Feature detection, a process which identify and 
individually quantify significant features (peaks), could overcome the challenges arise 
from spectral binning.77 This method only works well for well-resolved features that 
are commonly observed in LC-MS, GC-MS or CE-MS. Hence spectral binning remains 
the most effective data processing strategy for NMR-based metabolomics due to the 
overlapping resonances, and feature detection is widely used as a pre-processing 
method for MS-based metabolomics. Feature detection are performed on MS 
metabolite profiling software and online platforms such as metAlign78 (Plant Research 
International), XCMS79 (The Scripps Research Institute), MetaboAnalyst80 (The 
Metabolomics Innovation Centre), MarkerLynx (Waters Corporations) and Mass 
Profiler Professional (Agilent Technologies). Data pre-processing in XCMS involves 
three steps: 1) peak detection where extracted ion chromatogram are filtered by 
matching against a model peak, followed by peak integration to determine individual 
peak areas, 2) peak matching across all samples to determine retention time deviations 
and compare the relative peak intensity, and 3) retention time alignment which rectifies 
retention time variations between samples simultaneously in a non-linear manner. The 
organized data matrix constructed from feature detection will consist individual 
features with specific retention time and m/z value, and their respective area under the 
peak.  
Data Pre-treatment Strategies 
Prior to multivariate analysis, a data pre-treatment step is performed in order to obtain 
meaningful statistical results. Some common pre-treatment methods include centering, 
unit variance (UV) scaling, Pareto scaling, log transformation and power 




transformation. Each pre-treatment method emphasize on different aspect of the data, 
and has its own advantages and disadvantages. The choice of pre-treatment method is 
influenced by the experimental set up, properties of the data set and the data analysis 
method used.81 For centering, all variables both high abundance and low abundance are 
treated equally. The results tend to be slightly biases toward high abundance variables, 
thus is rarely used in metabolomics. In contrast, scaling divides each variable by a factor, 
which is different for each variable. Both UV scaling and Pareto scaling use dispersion 
measures as the scaling factor. While variables are adjusted to their standard deviations 
in UV scaling, the square root of standard deviation is used for Pareto scaling. The 
distinct difference between UV scaling and Pareto scaling is that metabolites with high 
abundance and larger fold changes are decreased more than low abundance metabolites, 
so the high abundance variables would have less dominance to the data matrix after 
Pareto scaling.82 Therefore, Pareto scaling is the most widely used pre-treatment 
method for metabolomics studies. Transformations are non-linear conversion of raw 
data, typically applied to correct one or few extreme variables that may unduly 
influence the multivariate model, and to improve symmetricity of unequal distributions. 
Log transformation is commonly used in metabolomics as it corrects heteroscedasticity. 
However, a major drawback of log transformation is that zero values cannot be 
processed - but zero values are common in MS data matrix.81 To proceed with 
transformation, either the zero values are replaced by one, or power transformation 
which could obtain similar results in the presence of zero values is used.  
Multivariate Data Analysis 
Subsequently, the treated data matrices constructed from NMR and MS data are 
subjected to chemometrics tools for data mining. Principal component analysis (PCA), 
a non-supervised approach, is the most frequently used multivariate method in 




untargeted metabolomics to mine for significant metabolites.82 Instead of manually 
inspecting X-variables (e.g. spectral bins, features) present in a group of biological 
samples (observations), the set of observations with possibly correlated variables are 
converted into linearly uncorrelated variables called principal components (PCs). As 
the number of PCs are lesser than the number of original variables, PCA reduces the 
dimensionality of the data matrices for easier data mining. PCA divides the data matrix 
into three parts: the score matrix, loading matrix and residual matrix.74 Every point on 
the score matrix represents an observation. The distribution pattern of these points 
would shed light on the (dis)similarities among the samples. For example, samples with 
similar metabolome tends to cluster together away from samples classes with 
discriminating metabolites. On the other hand, every point on the loadings matrix 
indicates a variable within the observation. Through PCA loadings plot, researchers 
could identify metabolites responsible for the discrimination pattern observed in scores 
plot.82  
 Hierarchical cluster analysis (HCA), another unsupervised multivariate 
approach, is also widely used by the metabolomics community.83 Like PCA, HCA 
cluster variables based on (dis)similarities. The hierarchical clustering pattern is 
influenced by the distances between metabolites in the multidimensional space, where 
samples in the same branch of the cluster tree tends to have more metabolites in close 
proximity. Two types of hierarchical clustering strategies namely agglomerative and 
divisive are used, with the latter being a preferred choice in metabolomics studies.82 
Rather than working as an individual statistical tool, HCA could complement with PCA, 
as the former offers a quick overview of all the test samples, while the latter method 
unravel the relationship between the samples and the metabolites involved. 




 Undoubtedly, PCA is a robust and efficient method to model and interpret 
complex mixtures of metabolites. However this unsupervised approach cannot correct 
for external factors such as the presence of artifacts/ contaminants, instrument drift due 
to temperature fluctuation and experimental variations in terms of sample collection 
and metabolites extraction, which could also influence systematic variation.84 
Discrimination patterns attributed by external factors which are not related to the 
research question could be eliminated by supervised multivariate analysis such as 
partial least-squares to latent structures (PLS)85 and orthogonal PLS (OPLS)86. In PLS 
and OPLS, an additional column of sample information (e.g. treatment concentrations, 
time, type) known as Y-matrix is included in the data matrices. This set of secondary 
information is crucial for the construction of PLS and OPLS discrimination analysis 
models. Although PLS and OPLS process the data in the same manner, OPLS has slight 
advantage over PLS. OPLS splits the systematic variation into two parts: 1) correlated 
variations in the first predictive component which consist variables responsible for class 
separation and are correlated to the Y-matrix, and 2) uncorrelated variations in the 
orthogonal component which make up all other variations attributed by other external 
factors except class separation.82, 84 
Univariate Data Analysis 
Both variable importance in the projection (VIP) and coefficient variables could be used 
to shortlist significant metabolites from PLS and OPLS models. The coefficients plot 
filters out X variables that are correlated to the Y-matrix, and the VIP plot summarizes 
the most important X variables in terms of contribution to the PLS and OPLS model as 
a whole.82 As VIP and coefficient variables are limited to supervised multivariate 
analyses, univariate analyses (e.g. T-test, 1-way ANOVA, 2-way ANOVA, post hoc 
Tukey's test) should be applied to shortlisted metabolites from PCA models to exclude 




false positives and false negatives. The type of statistical analysis varies with the 
number of sample groups, parameters and sample size. In addition, Bonferroni 
correction87 and false discovery rate (FDR) correction88 are used to reduce false 
positives and false negatives respectively. 
1.4 What is Environmental Metabolomics?   
Environmental metabolomics, a subset of metabolomics, study the interactions between 
living organisms and their environments. As the metabolome accurately reflect the 
organism health and function status, and determine minute changes upon organism-
environment interactions at the molecular level, there are increasing number of 
metabolomic applications in environmental sciences field (Fig. 1.8). Within 
environmental metabolomics, the untargeted metabolome analysis approach is 
favoured over the targeted analysis as it could not only determine metabolic pathways 
affected by the natural stressors, but also capture unexpected or even novel responses 
to these environmental stressors. There are four general applications in environmental 
metabolomics, namely ecophysiology, ecotoxicogenomics, diseases, and biotic-biotic 
interactions.  In ecophysiology, the metabolic responses of living organisms such as 
plants, terrestrial animals and aquatic organisms to their natural environments are 
investigated. Most studies focused on understanding the detrimental effects of natural 
abiotic stressors on organisms. Temperature (heat stress89-92, cold stress90), light (strong 
light93-95, UV irradiation96-98), water (high salinity99-102, drought103-105) and nutrients 
(starvation11, 106, 107, nutrient deficiency108-110) are some of the key environmental 
factors widely investigated using metabolomics.  





Figure 1. 8 Total publications per year for the keyword "Environmental Metabolomics" 
in Scopus for the years 2000 to 2014.  
 In addition to natural factors arise from the phenomena of nature, anthropogenic 
contamination served as another significant source of abiotic stress to living organisms. 
Anthropogenic contamination is attributed by point source disposal of untreated by-
products from activities such as agriculture, mining, wastewater treatment, and 
manufacturing into the environment (e.g. water, air, soil). Through the processes of 
atmospheric transportation and deposition, many of the contaminants are globally 
distributed. Considering their toxic and persistent natures, these contaminants could 
bioaccumulate in any living organisms through air, water and/or food sources, and 
remain biologically harmful for long periods of time.111 Ecotoxicology, the study of 
persistent, toxic chemicals and their effects on biological organisms at individual, 
population, community and ecosystem levels, is essential but challenging. 
Environmental metabolomics, in specific ecotoxicogenomics - the application of omic 
profiling methods to ecotoxicology, may have a potential role in ecological risk 
assessment.10 At present, ecotoxicogenomics have been applied either as an early 
screening tool or to elucidate the mode of action of persistent organic pollutants112-114,  
pesticides/herbicides115-117, heavy metals34, 118, 119, and endocrine disruption 
compounds120, 121 in a wide range of living organisms.  




 To a much lesser extent, metabolic effects of diseases such as tumours growth122 
and bacterial infections11, 123, 124 have been studied in plants and aquatic organisms. In 
addition, environmental metabolomics have been applied to address ecological 
questions such as understanding metabolic alternations in plants exposed to generalist 
or specialist herbivore125, and unravel symbiosis between host plant and microbes126, 
127, and host-gut microbiota interactions128. While most studies use living organisms 
grown or reared in-house under controlled laboratory conditions, there are increasing 
interest to bring the application of environmental metabolomics to field studies129. This 
is because free living organisms obtained directly from natural environment exhibit 
inter-individual metabolic variations, and these differences could more accurately 
reveal their interactions with the uncontrolled environment.10 Moreover, environmental 
metabolomics is a promising approach to detect early exposure of contaminants in 
humans, by simply screening through the biofluids such as urine, plasma or serum. 130, 
131 Metabolic responses in organisms subjected to various stressors are summarized in 
Table 1.2.  
1.5 Scope of Research - Environmental Metabolomics of Freshwater 
Phytoplankton 
Phytoplankton, photosynthetic microscopic organisms, undergo the process of 
photosynthesis to produce oxygen and organic compounds (e.g. carbohydrates) from 
sunlight and carbon dioxide. Hence, most phytoplankton are found in the euphoric 
(sunlit) zone of almost all marine and freshwater bodies. Serving as the primary oxygen 
producer and food source for zooplankton, which together form the base of aquatic food 
chain, phytoplankton have significant influence on the aquatic biological productivity. 
In contrast to the terrestrial community, where autotrophs are mostly plants, 
phytoplankton are made up of a diverse group of organisms such as unicellular plant 




(microalgae), bacteria and protists. Among the common groups are green microalgae, 
cyanobacteria, silica-encased diatoms, dinoflagellates, and chalk-coated 
coccolithophores. Due to their environmental and health impacts, two main classes of 
freshwater phytoplankton, namely green microalgae (Chlorella sp.) and cyanobacteria 
(Microcystis sp.), were subjected to investigation using environmental metabolomics.  
One of the main problems of the society in the 21st century is environmental 
pollution. Unregulated release of persistent, toxic pollutants such as heavy metals into 
oceans, lakes and reservoirs not only disrupted aquatic ecosystem, but also impacted 
human health. Toxic effects of heavy metals uptake by green microalgae, which 
biomagnified along the food chain, is a significant problem to human as the final 
consumer. Regulating waste dumping, and remediation of polluted water bodies are 
strategies to restore aquatic ecosystems and minimize metal poisoning through water 
and food sources. Current application of physicochemical processes such as ion 
exchange, precipitation, reverse osmosis, evaporation and chemical reduction,132 pose 
several challenges for industrial use. Reports of heavy metals bioaccumulation in green 
microalgae133-139, suggest the possibility of using green microalgae for 
phytoremediation - a process to remove heavy metals using plants. However, prior to 
the application of algae for remediation of heavy metals from industrial wastewater, the 
metal tolerance and bioaccumulation mechanisms in green microalgae have to be fully 
understood.  
 In Chapter 2, we aim to apply NMR-based metabolomics and targeted 
quantification of metal chelating compounds using LC-MS/MS to unravel the 
metabolic responses of temperate green microalgae, Chlorella vulgaris, to various 
concentrations of cadmium, lead and copper. Metal removal capacity as determined by 
ICP-MS was used to evaluate the suitability of Chlorella vulgaris for single metal 




bioremediation. Industrial wastewaters normally contain high levels of several metal 
compounds, where these metal pollutants may interact with each other to exert toxicity 
simultaneously in either a synergistic or antagonistic manner.140 In Chapter 3, the 
effects of acute (24h) and prolong exposure (1 wk, 2 wks) of combined heavy metals 
to local green microalgae, Chlorella sp. was elucidated using NMR-based 
metabolomics. Metallomics using ICP-MS was also applied to understand the 
interactive effects of heavy metals on essential element distributions and metal removal 
capacity.  
 Harmful cyanobacterial bloom, the rapid accumulation of toxin-producing 
species of cyanobacteria as a consequence of increased nutrient loading from human 
activities, also have adverse impact on water safety and biodiversity in the aquatic 
ecosystems.141 Microcystis sp. are by far the most ubiquitous cyanobacteria in eutrophic 
freshwaters142. Some species of Microcystis are capable of cyanotoxin production. 
Exposure to microcystins (MCs), a class of cyanotoxins produced by Microcystis sp., 
could cause liver cell damage such as lipid peroxidation143, apoptosis,144 and 
intrahepatic bleeding145. At molecular level, MCs are protein phosphatase (PP) 
inhibitors and are also capable of inducing reactive oxygen species (ROS) production. 
Although MCs toxicity mechanism has been established across a wide range of aquatic 
and terrestrial organisms, there are still ongoing debate on the putative functions of 
MCs in cyanobacteria themselves. In Chapter 4, we aim to use NMR and MS-based 
metabolomics to reveal metabolic differences between light-stressed toxic and non-
toxic Microcystis sp. isolated from Singapore reservoirs. We would also attempt to 
confirm some putative metabolic roles of MCs, and expand the knowledge on MCs 
biological functions in Microcystis sp.   




Table 1. 2 Summary of metabololic responses in organisms subjected to various stressors 
Stressor  Detection 
Method  
Organism  Sample  Metabolic Changes (Possible Effects on Organism)  Reference  
Temperature            
Heat stress (45±2°C, 
3 h)  
NMR  Male sprague-dawley 
rats  
Urine  Altered gut microflora, increased glucocorticoid secretion, enhanced sympathetic 
nervous system activity  
Gandhi et al., 
201189  
Heat (40°C, up to 4h) 
and cold stress (4°C, 
up to 96h)  
GC-MS  Arabidopsis thaliana  Whole 
organism  
Heat stress: ↑ salicylic acid (early heat-stress signalling molecule), ↑ branched-
chain amino acids (biosynthesis of secondary metabolites involved in 
thermotolerance) 
Cold stress: ↑ sucrose (early cold-stress signalling molecule, osmotic regulation 
Kaplan et al., 
200490  
Heat stress (43°C, 
2h)   
NMR  Escherichia coli Cells  ↓ glucose (energy intensive), ↑succinate and 2-oxoglutarate, acetate and 
lactate (mixed acid fermentation), ↓putrescine (growth inhibition), ↓ betaine, 
choline, glutamate, lysine (osmotic regulation)  
Ye et al., 
201291  
Heat (18°C, 14 days) NMR  Salmo salar Plasma ↓unsaturated fatty acids (early response to recruit energy), ↓ phenylalanine, 
tyrosine (increase amino acids metabolism), ↓ choline (incorported as 
phosphocholine in cell membrane) 
Kullgren et 
al., 201392 








Cells  ↑ valine, isoleucine, tyrosine and proline (acclimate to changes in carbon and 
nitrogen metaboism), ↓cystine (storage of nitrogen), ↓urate (antioxidant), ↑ 
ascorbate and dehydroascorbate (antioxidant) 
Davis et al., 
201393 
Light Stress (Up to 
500 μmol photons 
m−2 s−1, 9 days) 
CE-MS Chlamydomonas sp. 
JSC4 
Cells  ↑ glyceraldehyde 3-phosphate, acetyl-CoA, and triacylglycerol (accumulation of 
neutral storage lipids), ↓ 3-phosphoglyceric acid, fructose-6-phosphate, glucose-6-
phosphate (energy formation under nutrient derived condition), ↑ glucose-1-
phosphate (accumulate starch as energy compound), ↓phosphoenolpyruvate, 
pyruvate (convert to AceCoA for lipid formation) 
Ho et al., 
201594 
Light Stress (50% 
and 100% natural 
lighting, 4 months) 
NMR  Centella asiatica Leaves ↑asiaticoside and madecassoside, quercetin, kaempferol, dicaffeoylquinic acids 
(antioxidant, protect cells from UV damage)  
Maulidiani et 
al., 201295 
UV-B Irradiation (up 
to 8 weeks) 
DIMS Arabidopsis thaliana Leaves ↑ sinapic acid, sinapoyl malate (absorbes excess UV radiation), ↓quercetin 
(maintain continuous protection against oxidative damage) 
Lake et al., 
200996 
UV-B Irradiation (up 







Liver ↑ glutamate, glutamine (increase glutamine related liver metabolisms such as  
transamination of most amino acids, glucose homeostasis, lipid metabolism), ↓ 
glucose (decrease glucose homeostasis), ↑ urea, aspartate, ↓ fumarate (increase urea 
biosynthesis), ↑ fatty acids (palmitic, linoleic, oleic, arachidonic and 
Park et al., 
201497 




docosahexaenoic acid), ↓ lysoPCs, lysoPEs, ↑ PCs, PEs (ROS production and liver 
inflammation) 
UV-A and UV-B 
Irradiation (up to 8 
days) 
NMR  Adult albino rabbits Aqueous 
humor 
UV-B: ↑ glucose (impair glucose transportation and glycolysis), ↑ betaine (cell 
membrane disruption causing betaine leakage into aqueous humor), ↑ valine, 
isoleucine (impair protein biosynthesis and biodegradation), ↑ formate (UV-
induced vitamin damage), ↓ ascorbate (scavenge for free radicals, protect against 
UV-induced DNA damage) 
Tessem et al., 
200598 
Water           
Salt stress (Up to 750 
mM NaCl, 10 days) 
CE-MS Aeluropus lagopoides Shoots ↑ glyceraldehyde 3P, glycerate (increase glycolysis to form energy and 
intermediate sugars), adenine, adenosine, AMP, UMP (increase ATP biosynthesis 
capacity to supply energy  for survival)↑ proline, arginine, glutamine, lysine 
(increase nitrogen metabolism, osmotic adjustment 
Sobhanian et 
al., 201099  
Salt stress (100 mM 
NaCl, up to 5 weeks) 
GC-MS Hordeum vulgare 
cultivars Sahara (Salt 




Sahara: ↑ ascorbate, dehydroascorbate and threonate (antioxidant, protect against 
oxidative stress) 
Clipper: ↑ glutamine, proline, GABA, homeserine, N-acetylglutamate (tissue 
damage), ↑ GABA, putrescine (senescence indicator) 
Widodo et 
al., 2009100 
Salt stress (up to 150 
mM NaCl, 6 days) 
NMR  Zea mays Roots, 
Shoots 
↑ sucrose, glycine-betaine (osmolyte, balance osmotic strength), ↓  glucose (inhibit 
conversion of sucrose to glucose), ↑ alanine, glutamate, asparagine, GABA 
(osmotic homeostasis), ↓ malate( balance osmotic pressure)  
Gavaghan et 
al., 2011101 
Salt stress (500 mM 
NaCl, 15 days) 




Decrease valine, glutamate, aspartate (disorder in protein biosynthesis/ 
biodegradation), ↑betaine, ↓fumarate, choline (osmotic regulation imbalance), ↓ 
ferulate (oxidative stress),  ↑glucose, fructose, sources (hyperosmotic stress 
induced by salinity) 
Wu et al., 
2012102 
Drought ( No 
watering, 18 days) 
DIMS, LC-
MS 
Avena sativa  Leaves ↑salicylate and intermediates of salicylate metabolism (modulates stomatal 
aperture and delays development of drought symptoms) 
Sánchez-
Martín et al., 
2015103 
Drought (No 
watering, 11 days) 
NMR  Lupinus albus Leaves, 
Roots, 
Stem 
↓ malate (adverse effect on photosynthetic appratus and affect nitrogen 
metabolism, ↑ asparagine (indicate protein degradation under stress), ↑ increase 
proline (act as substract for TCA cycle)  
Pinheiro et 
al., 2004104 
Drought (Natural dry 
down with minimal 
watering, 8 weeks) 
GC-MS, 
CE-UV 
Eucalyptus spp. Leaves E. dumosa: ↑ glucose, fructose ( osmotic adjustment), ↑xylose, arabinose, 
rhamnose, galactonic acid and galactaric acid (increase synthesis of cell walls), ↑ 
vibo-quercitol, cyclohexanepentol, proto-quercitol (osmoprotectant) 
Warren et al., 
2012105 




Food and Nutrients           
Starvation (Reduced 
food supply to 1/4 
for 227 days, 
followed by no food 
until Day 497 
NMR  Haliotis rufescens Foot 
muscle 
↓alanine, aspartate, glutamine, glycine (osomoregulation and energy source during 
prolong starvation), ↑taurine, glycine–betaine (osmoregulation) 
Rosenblum 
et al., 200511 




Oncorhynchus mykiss Serum, 
Liver, 
Muscle 
Serum: ↓ saturated long chain fatty acids, short chain fatty acids, ↑ heptadecanoic 
acid, nonanoic acid (utilized selectively for cellular energy metabolism), ↓ alanine, 
glutamine, glycine, serine (impair protein catabolism) 
Liver: ↓ octadecanoic acid and pentanoic acid, ↑ tetradecanoic acid and oleic acid 
(some fatty acids are favorably used during acute starvation), ↑ methionine, proline 
(increase protein catabolism) 





Starvation (No 10% 




Jurkat T cells clone 
E6-1 
Cells  ↓ glutamine (consumed under starvation), ↓ serine, phenylalanine, alanine, glycine, 
proline, isoleucine, tyrosine (nutrient sensing,  decrease mTOR kinase activity), ↓ 
fumarate, succinate (energy generation), ↑ stearic acid, palmitic acid, palmitoleic 
acid (lipolysis for energy generation) 
Tomm et al., 
2013107 
Nutrient Depletion 
(0.4 mM nitrate, up 
to 21 days)  
GC-MS Solanum 
lycopersicum 
Leaves ↓ aspartate, alanine, arginine, glutamate, tyrosine (decrease in amino acid 
precursors), ↑ succinate, 2-oxoglutarate (regulation of nutrient stress), ↑ inositol, 












Cells  Iron deficient: ↑ succinate, citrate (Fe acquisition) 
Nitrogen deficient: ↑tryptophan, isoleucine, threonine, ↓N-acetyl-ornitine, (unable 
to maintain homeostasis of amino acid biosynthesis) 
Sulphur deficient: ↑ 4-hydroxyproline (degradation of cell wall proteins), ↑ 
glycerate-3-phosphate, sn-glycerol-3-phosphate, glucose-6-phosphate, fructose-





(Grown in culture 
solution depleted of 
P, up to 14 days) 
CE-MS Oryza sativa Root 
Exudates 
↑ arginine, asparagine, aspartic acid, histidine, lysine, proline, serine, threonine, 
tyrosine (colonization of rhizosphere microorganisms that promote P acquisition of 
host plants under P deficiency), ↑ galacturonic acid (mobilized adsorbed 





          

















↓ glucose, lactate, ↑ glycogen (inhibited gluconeogenesis and glycogenolysis), ↓ 
citrate, fumarate, alanine (global energy supply imbalance), ↑ unsaturated fatty 
acids, ↓ saturated fatty acids (lipogenesis, biotransformation from saturated to 
unsatured fatty acids, decrease lipid oxidation), ↓ acetyl-CoA, palmitoyl CoA, 
malonyl-CoA, and stearoyl CoA (suppressed de novo fatty acid biosynthesis), ↓ 
phosphatidylcholine, glycerolphosphocholine, lysophosphatidylcholine (disrupted 
cell structural integrity, triggered inflammation) 




(up to 50 μg cm–2) 
and perfluorooctane 
sulfonate (up to 25 
μg cm–2), 2 days 
NMR Eisenia fetida Whole 
organism 
↓ leucine, valine, lysine, phenylalanine and arginine (production of peroxisomal 
enzymes involved in fatty acid oxidation, ↓ ATP (damaged mitochondrial 
membrane), ↓ glucose, maltose (increased glycolysis), ↑ succinate, fumarate and 
malate (pertubed TCA cycle), ↑ betaine, scyllo-inositol and myo-inositol 
(osmolytes) 
Lankadurai 
et al., 2012113 
Combined 
polychlorinated 
biphenyls (10 mg/kg) 
and 2,3,7,8-
tetrachlorodibenzo-p-




Urine  ↓ citrate, 2-oxoglutarate, succinate (decreased fatty acid catabolism), ↑ lactate 
(increase glycolysis), ↑ glucose, lactate (mitochondrial impairment), ↑ taurine, 
creatine (liver damage), ↓ hippurate (decrease oxidative phosphorylation)  
 
Lu et al., 
2010114 
Pesticides           




Dunaliella tertiolecta Cells  ↑ malate, fumarate, citrate, adenosine (influenced TCA cycle), ↑ glutamate, valine, 
leucine, isoleucine (used to fuel energy metabolism), ↓ orcinol, deoxyvasicinone 
(inhibition of the ΦPSII) 
Booij et al., 
2014116 
Glufosinate, 





GC-MS Arabidopsis thaliana Whole 
organism 
Glufosinate treatment: ↓ sucrose, trehalose, serine, glycine, putrescine, 5-
oxoproline, glutamine, ↑ TCA intermediates, leucine, phenylalanine 
Sulcotrione treatment: ↑ tyrosine, ↓ glucose, fructose, glycerate, glycine 
AE 944 treatment: ↓ glutamine, glucose, fructose, glycine, ↑ lysine 
Foramsulfuron treatment: ↑ fructose, methionine, phenylalanine, ↓ isoleucine, 
leucine, valine 
Benfuresate treatment: ↑ tryptophan, aspartate, glucose, fructose, asparagine, 
succinate (changes are pleiotropic) Glyphosate treatment:  ↑ shikimate, alanine 
Trenkamp et 
al., 2008115 










mg/kg), tribufos (100 
mg/kg), pebulate 
(100 mg/kg), 4 h 
LC-MS Male mice C57BL/6 Brain, 
Liver 
↑ monoacylglycerols, N-acylethanolamines, lysophosphatidic acid, N-acyl 
taurines, ↓sphingosine-1-phosphate  (lipid signaling molecules), ↑ 
monoacylglycerols, ↓ free fatty acids (blockade of monoacylglycerol lipase), ↑ 





Heavy Metals           
Cadmium (up to 750 
mg/kg), atrazine (up 
to 100 mg/kg), and 
fluoranthene (up to 
1200 mg/kg), 28 
days 
NMR Lumbricus rubellus Whole 
organism 
Atrazine treatment: ↑ β-hydroxybutyrate, fumarate 
Cadmium treatment: ↓succinate, ↑ nicotinic acid 
Fluoranthene treatment: ↑cytidine triphosphate (CTP), lactate 
Guo et al., 
2009118 
Cadmium (71 μg/L), 
fenvalerate (0.6 
μg/L), dinitrophenol 
(1.5 mg/L), and 
propranolol (1.4 
mg/L), 24 h 
FT-ICR-
MS 
Daphnia magna Whole 
organism 
Propranolol treatment: ↑ fatty acids, oxylipids (Disruption of the eicosanoid 
biosynthesis pathway) 
Fenvalerate treatment: ↓ chitobiose, ↑ N-acetylglucosamine, N-acetylglucosamine 
phosphate, glucosamine phosphate, fructose phosphate, fructose (Upregulation of  
amino sugar metabolism) 
Dinitrophenol treatment: ↑ arginine phosphate, ↓ arginine 




mercury, 12 days 
DIMS Mus musculus inbred 
BALB/c strain 
Serum ↓ glutathione, ↑ glutamate (arsenic methylation to stabilize redxo status in cell), ↑  
methionine, homocysteine (converted to  S-adenosyl-methionin for arsenic 
methylation), ↑ taurine (antioxidant, osmoregulation and membrane stabilization), 











different gender fish 
(up to 100 ng/L) 
NMR Male and Female 
Pimephales promelas 
Liver ↑ glutamate, alanine (accommodate vitellogenin biosynthesis), ↓ glycogen, 
glucose, ↑lactate (high energy requirement for vitellogenin biosynthesis), ↓ betaine 
(biosynthesis of S-adenosyl methionine used for cellular methylation reactions, ↑ 
creatine, bile acids (cholestasis) 
 
Ekman et al., 
2008120 











Plasma ↑ vitellogenin (enhanced vitellogenin biosynthesis), ↑phospholipids (attributed by 
vitellogenin), ↓cholesterol (function not confirmed) 
Samuelsson 
et al., 2006121 
Diseases           
Withering syndrome 
(infected with  
Rickettsiales-like 
prokaryote, 497 days 
NMR  Haliotis rufescens Foot 
muscle 
↑ homarine (osmoregulation, transmethylating agent), glucose/homarine ratio used 
as biomarker for infection. 
Rosenblum 
et al., 200511 
Liver tumor in fish NMR Limanda limanda Liver ↓ choline, phosphocholine (downregulation of CDP-choline pathway), ↓ betaine, 
glycine, sarcosine (downregulation of choline oxidation, leading to depletion of S-
adenosylmethionine which result in oncogene activation), ↑ lactate, succinate, 





NMR Catharanthus roseus Leaves ↑ glucose, sucrose (impair translocation of carbohydrates from mature leaves to 
young leaves), ↑ loganic acid, secologanin, chlorogenic acid, polyphenols 
(upregulation of secondary metabolic pathways), ↑ chlorogenic acid (defense 
against infection) 




n, 21 days 
NMR Salmo salar Plasma ↓ triglyceride, low-density lipoproteins, phosphocholine, ↑ very-low-density 
lipoproteins, cholesterol, choline (changed in lipid metabolism, which influenced 





      
    
Host-gut microbiota 
interaction 
LC-MS Male Swiss Webster 
mice (Wild type and 
germ free) 
Serum ↑ tryptophan and N-acetyltryptophan (incapable to metabolize dietary tryptophan 
through the direct action of enteric bacteria), ↓ indoxyl sulfate, indole-3-propionic 
acid (involved in transformation of bacterial indole), ↓ phenyl and p-cresol sulfate 
(involved in sulfation of bacterial tyrosine), ↓  cinnamoylglycine, 
phenylpropionylglycine (host–bacteria mutualism) 










↑ aspartate, glutamine, tyrosine, tryptophan, ↓ glutamate, phenylalanine (changes 
in shikimate pathway products, characterisitc of defense) 
Steinbrenner 
et al., 2011125 












↑ ononitol, mannitol, sorbitol, proline, putrescine (osmotic stress), ↑ cysteine 
(upregulation of sulfate transporters), ↑asparagine, glutamine (nitrogen fixation), 










Leaves ↓ 9-hydroxy-10E,12Z-octadecadienoic acid (decreased to accommodate entry of 
symbiotic bacteria) 
Zhang et al., 
2012127 
Field studies            
Exposure to 
wastewater treatment 
plant  effluents and 
nonpoint sources of 
chemical 
contamination at 3 





Liver Site E: minimal anthropogenic chemical burden. Valid PLS-DA model could not 
be constructed, indicated no nonpoint sources of pollution 
Site R: most urbanized. Metabolic changes from the wastewater treatment plant 
(WWTP) effluent is mitigated at the downsteam location (effective dilution of 
effluent contaminants), also revealed contaminations in downstream and upstream 
unrelated to the wastewater treatment plant. 
Site H: predominantly agricultural. Separation of upsteam and downstream classes 
from control suggested nonpoint sources of pollution. 
Skelton et al., 
2014129 
Potential cadmium 
exposure from foods 
grown on soil known 
to have different 
levels of cadmium 
LC-MS, 
GC-MS 
Female Adult Homo 
sapiens 
Urine ↑ N-methyl-l-histidine (early marker for Cd exposure), ↑creatine, creatinine, urea, 
hippurate, tyrosine (lower nephron efficiency, chronic kidney malfunction), ↑ 
pyroglutamic acid (Cd-induced oxidative stress), ↑ glutamate, taurine, cystine 
(scavenge ROS), ↑ histidinol, N-methyl-l-histidine (peroxyl radical scavenger), ↑ 
17-α-hydroxyprogesterone, corticosterone, tetrahydrocortisone, and estrone 
Gao et al., 
2014130 
Complex pesticide 
exposure in pregnant 
women 
NMR Pregnant Homo 
sapiens 
Urine ↑ Glycine (scavenges reactive oxygen species and inhibits inflammatory response), 
↓ citrate (impaired TCA cycle), ↑ lactate (alternative energy metabolism), ↑ 
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Chapter 2: NMR-based Metabolomics and Targeted LC-MS/MS 
Analysis of Freshwater Microalgae (Chlorella vulgaris) Exposed to 
Copper, Cadmium and Lead 
2.1 Introduction 
Heavy metals in the environment may be essential or detrimental to the living 
organisms. While most heavy metals are biologically non-essential for plants, and 
usually toxic at low concentrations, trace metals such as copper, iron and zinc are 
essential for the growth and development of living organisms. However, trace elements 
may become potentially toxic when the metal concentrations available in the 
environment exceed the organism minimum inhibitory concentration. The emission of 
toxic heavy metals in urban areas is mainly attributed by anthropogenic activities such 
as landfill of ash residues from coal combustion, mining, metal refining, and discharge 
of untreated wastewater.146, 147 Leaching of non-biodegradable, persistent toxic metals 
into water and soils not only has detrimental effects on the ecosystem, but also pose 
potential health risks to animals and humans. Given the growing importance of 
corporate social responsibility in today's modern economy, companies are involved in 
clean-up of contaminated sites. Remediation of heavy metal-polluted ecosystems are 
commonly carried out using physicochemical processes such as ion exchange, 
precipitation, reverse osmosis, evaporation and chemical reduction.132 Problems such 
as membrane fouling, high costs, high energy requirement and low removal efficiency, 
make these physciochemical processes unattractive for industrial use.148 Hence 
companies are in search for cheaper and more efficient remediation methods. 
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 In recent years, phytoremediation, the use of plants to remove pollutants from 
the environment, has gained recognition as an alternative cost efficient and eco-friendly 
method. Vascular plant species that not only exhibit tolerance to high metal 
concentrations, but also hyperaccumulate specific metals in their roots are utilized to 
clean up metal-contaminated soil.149, 150 Apart from its low maintenance cost, another 
attractive aspect of phytoremediation is the net zero carbon footprint as the amount of 
carbon release is equivalent to the amount sequestered. However, some pitfall of 
phytoremediation include the slow growth of higher plant species and low metal uptake 
efficiency.148 Moreover the technology is widely applied to remediate metal-
contaminated soil rather than wastewater. 
Green microalgae are promising candidates for remediation of metal-
contaminated wastewater, as these photosynthetic microscopic organisms inhabit the 
upper sunlit layer of almost all freshwater and marine water bodies globally. The high 
binding capacity of heavy metals (e.g. cadmium133-135, copper136, 137, lead138, 139) in 
various freshwater and marine microalgae indicated their potential in remediation of 
metal-contaminated water bodies. There are three general mechanisms for metal 
removal by microorganism: 1) adsorption of metal ions onto the cell wall of 
microorganism, 2) intracellular uptake of metal ions, and 3) chemical transformation of 
metal ions by microorganisms.151 Most studies reported biosorption of metals as the 
key metal removal mechanism by microalgae152, 153, and have demonstrated higher 
binding capacity in dried algal biomass as compared to live algal cultures16, 17. 
Despite the superior binding capacity, live algal cultures is favoured over dried 
biomass for phytoremediation. This is because the metal removal performance of live 
algal cultures could be further improved by genetic or metabolic engineering, but dried 
biomass is only limited to surface modifications. Although the use of live algae has 
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clear advantages over dried algal biomass, the key challenge of using live algae for 
phytoremediation is the search of a suitable algal species. An ideal algal species has to 
bioaccumulate high concentrations of heavy metals, and survive well in metal 
contaminated industrial water. Furthermore, the metal tolerance and bioaccumulation 
mechanisms in green microalgae have to be fully understood, prior to the development 
of potential engineering approaches to improve performance of algae in 
bioconcentration of heavy metals from industrial wastewater. 
Many studies have reported heavy metal-induced toxicity and tolerance in 
various algal species, in particular Chlorella sp.154-156 with some reporting significant 
changes in proteins, carbohydrates, amino acids and antioxidants contents in metal-
spiked algal cultures.157-159 These studies applied different techniques (e.g. phenol-
sulfuric acid assay160 for carbohydrates determination, Bradford dye-binding assay161 
for protein determination) to quantify respective chemical classes. Hence, the analyses 
not only required more samples and run time, but are also restricted to selected few 
chemical classes. Analysis of all compounds present in the algal sample in a single run 
would greatly reduce the amount of sample required and shorten the analysis time. This 
can be achieved by untargeted metabolomics, which is defined as the simultaneous 
detection and quantification of metabolites (including chemical unknowns) from 
biological samples.1 Furthermore, the unbiased metabolome analysis could determine 
metabolic pathways affected by metal exposure, and capture unexpected or even novel 
responses to these abiotic stressors. Detection of metabolites in untargeted 
metabolomics are largely dominated by two analytical technologies: nuclear magnetic 
resonance (NMR) spectroscopy and mass spectrometry (MS)-based analysis.162, 163 
Despite having higher sensitivity in MS-based detection, the benefits of NMR 
application in metabolomics including non-destructive, reproducible, efficient (>100 
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samples/day), and requires little or no sample preparation, makes NMR an attractive 
analytical tool to investigate the primary metabolome of microalgae exposed to 
different metal ions. 
Several genomic and proteomic studies revealed that efficient metal uptake and 
transportation across to the plant cytoplasm, followed by active antioxidant defence 
systems are crucial mechanisms to mediate metal toxicity.164 Metal tolerance is also 
highly dependent on plants' antioxidant capacity and redox homeostasis.164 An 
untargeted metabolome analysis could provide complimentary or even additional 
findings to further shed light on the plant metal toxicity and tolerance mechanisms.  
Over the last decade, NMR-based metabolomics has been used to investigate 
the effects of metal exposure in plants. Most studies focused on profiling the metal-
spiked plant metabolome and identify metal-induced plant biomarkers, but metal 
tolerance mechanisms are rarely reported.165-168 In fact, the first application of NMR-
based metabolomics to assess green microalgae (Chlamydomonas reinhardtii) toxicity 
and tolerance toward heavy metals was reported only recently by Jamers and co-
workers169. The study demonstrated significant decreased in glycine and homocysteine 
levels in C. reinhardtii spiked with 114.8 μM Cd after 72 h. These amino acids are 
precursors of glutathione, thus the depletion of glycine and homocysteine suggested up-
regulation of glutathione in Cd-exposed C. reinhardtii, possibly to maintain redox 
homeostasis. As microalgae have different binding capacity and selectivity for heavy 
metals170, we would expect microalage to demonstrate metal-dependent toxicity and 
tolerance responses. Thus, we aimed to utilize NMR-based metabolomics to gain 
comprehensive understanding of microalgae toxicity and tolerance towards different 
concentrations of common metal pollutants present in wastewater. 
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Chlorella vulgaris, unicellular freshwater green microalgae, was used in this 
investigation as Chlorella sp. has demonstrated high tolerance and bioaccumulation of 
a wide range of metal ions154-156, and thus has great potential for heavy metal 
bioremediation. Different concentrations of three divalent metal ions, copper (Cu), 
cadmium (Cd) and lead (Pb), were selected for the study due to their persistent and 
biomagnification nature in food chains. Cd and Pb are among the most hazardous heavy 
metals to human health. Chronic exposure to minute amount of Cd and Pb through 
contaminated water or food sources could result in kidney damage and high blood 
pressure.  
While Cu is less toxic to human as compared to Cd and Pb, acute exposure to 
substantial amount of Cu could cause gastrointestinal distress and even escalated into 
liver or kidney damage. United States Environmental Protection Agency (EPA) have 
imposed strict waste disposal regulation of these pollutants, with maximum 
contaminant levels of untreated Cu, Cd and treated Pb not exceeding 1.3, 0.005 and 
0.015 mg/L respectively. Cd and Pb are non-essential metals for plant metabolism, 
hence plants tend to exhibit varied degree of phytotoxicity such as adverse effects to 
photosynthesis, when exposed to even low concentrations of these heavy metals.171, 172 
In contrast, Cu is essential for plant growth activities such as CO2 assimilation, but 
excess amount of Cu could also lead to phytotoxicity.173 Redox active Cu, and non-
redox active Cd and Pb are known to either directly or indirectly induce cellular damage 
by initiating the formation of reactive oxygen species (ROS) such as hydroxyl radicals 
(OH•) and hydrogen peroxide (H2O2). Thus, understanding the metal-influenced redox 
homeostasis is a key step toward elucidating the metal tolerance mechanisms in green 
algae.174, 175 
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In this chapter, 1H NMR metabolite profiling complemented with multivariate 
data analysis will be used to reveal the substantial variability in C. vulgaris metabolome 
upon exposure to different concentrations of Cu, Cd and Pb solutions. The metabolites 
that influenced discrimination of the sample classes are identified, subjected to 
statistical test, and used to elucidate the metal-induced toxicity responses in C. vulgaris. 
In addition, inductively coupled plasma-mass spectrometry (ICP-MS) will be used to 
quantify the amount of metal ions removed by the algal cells, and determine the metal 
uptake capacity for these metal ions. Lastly, targeted analysis of glutathione and 
phytochelatins using liquid chromatography-tandem mass spectrometry (LC-MS/MS) 
will further shed light on the metal detoxification mechanism in C. vulgaris.  
2.2 Materials and Methods 
 2.2.1 Chemicals  
All growth medium and nutrient solutions were prepared with deionised water. Mobile 
phases, extraction solvents, and metal solutions were prepared with ultrapure water 
(Smart2Pure, Thermo Scientific TKA). Nitric acid (65 % HNO3, trace analysis grade) 
was purchased from Thermo Fisher Scientific (Waltham, MA, USA). Cadmium (Cd) 
and lead (Pb) ICP standards were purchased from Inorganic Ventures (Christiansburg, 
VA, USA). Copper (Cu), germanium (Ge), iridium (Ir) and rhodium (Rh) ICP standards 
were purchased from High-Purity Standards (Charleston, SC, USA). Copper chloride 
dihydrate (CuCl2•2H2O), cadmium chloride hemi(pentahydrate) (CdCl2•2½H2O), lead 
nitrate (Pb(NO3)2), formic acid (FA), reduced (GSH) and oxidized (GSSG) glutathione, 
N-acetyl-L-cysteine (NAC), 4,4-dimethyl-4-silapentane-1-sulfonic acid (DSS), 
diethylene triamine pentaacetic acid (DTPA) and tris(2-carboxyethyl)phosphine 
(TCEP) were purchased from Sigma-Aldrich (St. Louis, MO, USA). Deuterium oxide 
(D2O) was purchased from Cambridge Isotope Laboratories (Andover, MA, USA). 
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Phytochelatins (γ-Glu-Cys)2-Gly and (γ-Glu-Cys)3-Gly (PC2, PC3) were purchased 
from AnaSpec, Inc. (Fremont, CA, USA).  
 2.2.2 Cell Cultivation 
A total of 21 (7 replicates x 3 metal treatments) biological replicates of freshwater green 
microalgae, C. vulgaris (Carolina Biological, NC, USA) were cultivated under sterile 
controlled conditions (photoperiod of 18h day/ 6h night, 24 °C) in Bold's basal medium 
(2 L/culture).176, 177 Cell density of C. vulgaris was determined using UV-vis 
spectrometer (OD442.5) and confirmed by haemocytometer cell counting. Cultures 
grown to the early stationary phase (~ 3 x 107 cells/mL) were spiked with different 
concentrations of metal solutions (Table 2.1). The cultures were incubated for 72 hours 
before the cells were harvested by gentle centrifugation (3000 g, 4 ⁰C, 10 min), 
quenched using liquid nitrogen and lyophilized overnight. 
Table 2. 1 Acute exposure of Chlorella vulgaris to different concentrations of copper, 
cadmium and lead solutions 
Metal Treatments/  
Metal Concentrations 
Abbreviations 
CuCl2 CdCl2 Pb(NO3)2 
Chlorella vulgaris (Unspiked) CTL CTL CTL 
+ 10 μM 10Cu 10Cd 10Pb 
+ 50 μM 50Cu 50Cd 50Pb 
+ 100 μM 100Cu 100Cd 100Pb 
+ 200 μM 200Cu 200Cd 200Pb 
+ 500 μM 500Cu 500Cd 500Pb 
 2.2.3 NMR-based Metabolomic Studies 
Metabolites were extracted from dried algal biomass (40.00 ± 0.05 mg) using cold 
aqueous methanol (20% methanol). The suspension was subjected to ultrasonication 
(30 min, 4°C), and the cell debris was removed by centrifugation (13 000 rpm, 15 min, 
4°C). The extraction procedure was repeated twice, before the supernatant was 
lyophilized overnight. Freeze dried samples were reconstituted in phosphate buffer (0.1 
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M, pH 7.4 with 10% D2O) with internal standard (0.5 mM DSS). All NMR spectra were 
acquired under automation on a 600 MHz NMR spectrometer (Agilent Technologies, 
CA, USA). Each spectrum consisted of 128 scans of 16 384 data points in the frequency 
domain, and were collected using the water suppression (relaxation delay of 2.00 s) 
followed by Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence. The spectra were 
automatically Fourier transformed using an exponential window with a line broadening 
value of 0.5 Hz, phased and baseline corrected using Chenomx NMR suite 7.6 
(Chenomx Inc., AB, Canada). 1H NMR chemical shifts in the spectra were referenced 
to DSS methyl peak at δ 0.00.  
The regions of δ 4.98-4.62 and δ 3.48-3.34 were excluded to eliminate the 
residual water and methanol signals, respectively. The integrated data were normalized 
to units of standardized area (sa), where 1 sa is the area under a theoretical DSS methyl 
peak at 0.5 mM. Next, the spectra were reduced to spectral bins of equal width (0.04 
ppm) between the chemical shift of -0.5 ppm and 9.50 ppm using Chenomx NMR suite 
7.6. The processed data was imported into SIMCA-P 12.0 (Umetrics, Sweden) for 
multivariate data analysis. Pareto scaling was performed before principal components 
analysis (PCA) and orthogonal partial least squares discriminant analysis (OPLS-DA) 
were constructed. Significantly discriminated metabolites were identified by matching 
their chemical shifts to the standards in Chenomx Profiler 600 MHz database. One-way 
ANOVA followed by post hoc Tukey's Honest Significant Difference (HSD) test was 
performed using MetaboAnalyst178, 179 to confirm significance of shortlisted metabolites. 
1H NMR correlation heatmaps were also generated using MetaboAnalyst to have an 
overview of C. vulgaris subjected to different concentrations of Cu, Cd and Pb. Lastly, 
a list of tentatively assigned metabolites was generated. The identity of each tentatively 
Chapter 2 - NMR-based Metabolomics of Metal-Exposed Microalgae 
48 
 
assigned metabolites were compared against compounds in the Madison Metabolomics 
Consortium Database180 and with some published data181-185.  
 2.2.4 Elemental Analysis  
Filtered algal growth medium was acidified with suprapure nitric acid to a final 
concentration of 2% (v/v), and diluted by 100 fold with ultrapure water before analysis 
by ICP-MS (7700X, Agilent Technologies, CA, USA). An additional microwave acid 
digestion step was required prior to determination of metal content in dried algal 
biomass. In short, the method involved digestion of dried algal biomass (10.00 ± 0.03 
mg) in suprapure nitric acid (3 mL) using microwave heating (15 min, 180°C, ETHOS 
One, Milestone). After cooling, the samples were made up to 10 mL with ultrapure 
water, and acidified to 2% (v/v) nitric acid. The samples were diluted by 100 fold with 
ultrapure water before ICP-MS analysis. To ensure the analysis was within the dynamic 
range of ICP-MS, some samples were re-analyzed after 200 to 500 fold dilution with 
ultrapure water (e.g. 500Pb biomass).  
The operating parameters for ICP-MS is summarized in Table 2.2. 
Concentration of Cu, Cd and Pb present in medium and biomass were quantified based 
on 7-point external calibration (0, 10, 20, 50, 100, 250, 500 μg/L) of ICP-MS standard 
solutions. Subsequently, the metal uptake capacity and bioconcentration factor186 were 
computed as Eq. 1 and 2, where  [M]M,I and [M]M,F represent the initial and final metal 
concentration in the medium respectively as determined by ICP-MS and [M]B,F 
represent the metal content in algal biomass after different metal treatments. To account 
for metal loss due to adsorption onto glassware during 72 hours metal treatment, metal 
content in 10% nitric acid used to soak the glassware overnight was quantified using 
ICP-MS (results not shown).  
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Metal uptake capacity (%) = [M]M,I - [M]M,F x 100 %   (1) 
         [M]M,I 
Bioconcentration factor (L/kg) = [M]B,F*                                        (2) 
    [M]M,F 
*[M]B,F = Amount of metal in biomass as determined by ICP-MS (mg/L) × Total 
volume (10 mL) ÷ Amount of biomass (10 g). 
Table 2. 2 Operating parameters for ICP-MS 
Nebulizer Type MicroMist 
Isotopes Monitored 
63Cu, 113Cd, 208Pb (Heavy Metals) 
72Ge, 103Rh, 191Ir (Internal Standards) 
Forward Power 1500 W 
Plasma Gas Flow 14.97 L/min 
Auxilliary Gas Flow 0.90 L/min 
Carrier Gas Flow 1.07 L/min 
 
Table 2. 3 Operating parameters for LC-MS/MS 
UHPLC Parameters  
Column Zorbax Plus C18 (100 x 4.5 mm, 3.5 μm) 
Column Temperature 40 ⁰C 
Mobile Phase 
Ultrapure water with 0.1% formic acid (A), 
Methanol with 0.1% formic acid (B) 
Flow Rate 0.5 mL/min 
Injection Volume 10 μL/min 
Elution Gradient 
Gradient increase from 2-50% B for 10 min, 
flush with 50% B for 2 min, before re-
equilibrating to initial column condition for 3 
min )Total run time of 15 min) 
MS Parameters  
Ionization Mode Positive 
Reduced Glutathione (GSH) 308 → 179; 308 → 162 
Oxidized Glutathione (GSSG) 613 → 355; 613 → 231 
Phytochelatin 2 (PC2) 540 → 336; 540 → 233 
Phytochelatin 3 (PC3) 772 → 233; 772 → 179 
N-acetyl cysteine (NAC) 164 → 122; 164 → 43 
 2.2.5 Quantification of Biomarkers 
The extraction procedure was modified from published protocol.187, 188 The thiol 
peptides were separated on Ultimate® 3000 UHPLC system (Thermo Fisher, MA, 
USA), and analysed in multiple-reaction monitoring (MRM) mode on 5500 quadrupole 
ion trap MS (Sciex, DC, USA). Instrument operating conditions and transition pairs 
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used are detailed in Table 2.3. The thiol peptides in C. vulgaris were quantified based 
on 6-point external calibration (GSH, GSSG: 0, 100, 200, 500, 750, 1000 μg/L; NAC, 
PC2, PC3: 0, 10, 20, 50, 75, 100 μg/L), and N-acetyl-L-cysteine (50 μg/mL) was used 
as the internal standard to correct for matrix effects and monitor possible abnormalities 
during the run. To prevent oxidation of the analytes, reducing agent (TCEP, 5 μL) was 
added to the standard mixtures. The chromatograms were integrated using Analyst 1.5.1 
(AB Sciex, DC, USA).  
 2.3 Results and Discussion  
 2.3.1 C. vulgaris Cell Growth under Different Metal Treatments 
The cell density of C. vulgaris exposed to various concentrations of essential (Cu) and 
non-essential (Cd & Pb) metals was recorded daily over a period of 72h to determine 
the effect of heavy metals on C. vulgaris growth and development. Cultures spiked with 
100Cu or less showed significant growth over a period of 72h, but growth inhibition 
was observed in C. vulgaris exposed to 200Cu and 500Cu after 24h and 48h 
respectively (Fig. 2.1A). For Cd-spiked cultures, the growth rate of C. vulgaris was 
unaffected in the presence of ≤ 200Cd.  In contrast, growth perturbation was observed 
for culture spiked with 500Cd after 48h exposure. (Fig. 2.1B) Growth inhibition was 
defined when the relative growth rate of metal spiked cultures as compared to control 
culture was less than 10%. Interestingly, Pb(NO3)2 did not seem to influence C. vulgaris 
growth, as shown by the significant growth of cultures, even after exposure to high Pb 
concentrations for over 72h (Fig. 2.1C). Variations in cell densities and growth rate of 
C. vulgaris spiked with different metal ions suggested metal-specific toxicity and 
tolerance responses with Cu exhibiting greater influence on C. vulgaris growth as 
compared to Cd and Pb (Cu > Cd > Pb).  




Figure 2. 1 Cell density of C. vulgaris spiked with different metal solutions. Cultures 
(3 x 107 cells/mL) exposed to 0, 10, 50, 100, 200 and 500 μM of (A) CuCl2, (B) CdCl2, 
(C) Pb(NO3)2 for a period of 0h (), 24h (), 48h () and 72h (). Significant changes 
with reference to respective C. vulgaris cultures at 0h were labeled by asterisk with 
p<0.05 (*), p<0.01 (**), p<0.001 (***), population size, n = 7189 (Reproduced with 
permission by The Royal Society of Chemistry)         
To understand why Cu had greater adverse impact on C. vulgaris, we looked 
further into the characteristics of each transition metal. In general, heavy metals are 
categorized as redox active and non-redox active metal groups. Cu is a redox active 
metal, while Cd and Pb are metals without redox capacity. Redox active metals (e.g. 
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Cu) are directly involved in the production of hydroxyl radicals (OH•) from H from 
superoxide (O2
-) and hydrogen peroxide (H2O2) via Haber-Weiss and Fenton 
reactions.190 The accumulation of reactive oxygen species (ROS) could result in cellular 
redox imbalance, leading to metal-induced oxidative stress. The direct consequences of 
metal-induced oxidative stress include oxidation of proteins, lipids, and nucleic acids, 
which alter cell structure and cause mutagenesis.191 Non-redox active heavy metals (e.g. 
Cd, Pb) do not directly induce the formation of ROS, but rather chelate to the thiol-
groups on active sites of antioxidant enzymes and glutathione. Binding of the non-redox 
active metals to the antioxidant enzymes lead to inactivation of the organism's 
antioxidant defence system, which indirectly resulted in redox imbalance and the 
accumulation of ROS.164 Since Cu is a redox active heavy metal, it could directly induce 
redox imbalance. Hence we would expect Cu-spiked C. vulgaris to display greater cell 
toxicity and metal-induced oxidative stress as compared to heavy metals (Cd and Pb) 
without redox capacity.   
While exponential growth of Pb-spiked C. vulgaris were observed in this study, 
other studies reported growth inhibition even at low Pb concentrations.29,30 The 
discrepancy in metal toxic responses may be explained by differences in antioxidant 
enzymes activities, where the activity of antioxidant enzymes are dependent on the 
plant species, metal ion, metal concentration and exposure duration.164 As these factors 
were all variables of different experiments, we would expect some differences in the 
metal-induce toxicity response. Furthermore, high C. vulgaris cell density used in this 
experiment could attribute to the enhanced Pb tolerance. Due to the requirement of large 
quantity of dried algal biomass for metabolome and elemental analysis, C. vulgaris was 
cultivated to early stationary phase with an average cell density of 3 x 107 cells/mL.  
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The cell density is almost 100 times higher as compared to microalgae cultures used in 
other studies.192 Each plant cell plays a significant role in absorbing metal ions to the 
algal cell wall to reduce free metal ion availability in the solution. Thus, higher cell 
density could remove free metal ions and mediate metal-induced toxicity more 
efficiently.  
2.3.2 Metabolomic Study of Single Metal Tolerance in C. vulgaris 
The C. vulgaris metabolome was examined to gain insights into the metal-specific 
toxicity and tolerance responses. Untargeted metabolome analysis was established 
using 1H NMR spectroscopy together with multivariate data analysis. Figure 2.2 
displayed an overlay 1H NMR spectra of C. vulgaris control (CTL), 50Cu and 500Cu. 
The spectra showed clear dominance and overlapping of signals in the carbohydrate 
regions which were mainly composed of sucrose, and well-defined signals in the 
aliphatic region which consisted of amino acids. A comparison of signal intensities 
between the three samples showed that acute exposure to 500 μM CuCl2 resulted in 
overall down-regulation of metabolites in C. vulgaris. Although visual inspection of the 
overlay NMR spectra could explain the overall metal-induced metabolic trend in C. 
vulgaris, it could not accurately identify metabolites with significant changes.  
Thus, a more reliable method (i.e. multivariate analysis), was used to assess the 
effect of different concentrations of Cu, Cd and Pb on C. vulgaris metabolome. 
Principal components analysis (PCA) and orthogonal partial least square-discriminant 
analysis (OPLS-DA) are two commonly used multivariate analysis methods to reduce 
the dimensionality of data matrices for easier data mining. As an unsupervised approach, 
PCA cannot correct for external factors such as the presence of artifacts/ contaminants, 
instrument drift due to temperature fluctuation and experimental variations in terms of 
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sample collection and metabolites extraction, which could interfere with systematic 
variation.84 Hence, discrimination between samples based on metal ions or metal 
concentrations were not observed in PCA scores plot (Fig. 2.3A). Based on Hotelling's 
T2 with 95% confidence, several strong outliers were determined and eliminated from 
the PCA scores plot.  
 
Figure 2. 2 NMR spectra of C. vulgaris polar extract. (A) Overlap 1H NMR spectra of 
C. vulgaris control (black), with cultures spiked with 50 μM CuCl2 (blue) and 500 μM 
CuCl2 (red). NMR spectra focusing on the (B) carbohydrate region and (C) aliphatic 
region. Residual solvent peak at δ 4.4 - 4.6 was removed for clarity.189 (Reproduced 
with permission by The Royal Society of Chemistry)    
Supervised multivariate analysis such as OPLS-DA could eliminate 
discrimination patterns attributed by external factors, as an additional column of sample 
information (e.g. type of metal ions) was input into the data matrices. In the OPLS-DA 
scores plot, we observed distinct discrimination of Cd-spiked and Cu-spiked cultures 
as compared to CTL, but Pb-spiked C. vulgaris metabolome does not have much 
deviations from CTL (Fig. 2.3B). The OPLS-DA discrimination pattern is in agreement 
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with our cell density determination, where Pb had the least adverse impact on C. 
vulgaris growth rate. Although better clustering was achieved in OPLS-DA scores plot, 
the effect of individual metal concentrations could not be interpreted in OPLS-DA 
scores plot as the results for different concentrations of each metal were severely 
overlapped. As such, OPLS-DA scores plots were constructed separately to compare 
concentration-dependent effects of Cu, Cd and Pb on C. vulgaris metabolome (Fig 2.4). 
The cross-validated predictive ability Q2(cum) in model A, B and C were 73.9%, 64.6%, 
44.2% respectively, and the total explained variance R2(cum) for model A, B C were 
97.6%, 83.1%, 87.9% respectively. Q2 and R2 values explained the concentration-
dependent variation within each model, where the higher the Q2 and R2 values, the 
greater the influence of metal concentration on C. vulgaris metabolome.   
  
Figure 2. 3 Multivariate analysis scatter scores plot for C. vulgaris control and cultures 
spiked with different metal solutions. (A) PCA, (B) OPLS-DA.189 (Reproduced with 
permission by The Royal Society of Chemistry)     




Figure 2. 4 OPLS-DA scatter plots for C. vulgaris control and metal-spiked sample 
groups. (A), (B), and (C) present the OPLS-DA scores plot of PC1 vs PC2 of control 
group C. vulgaris and cultures spiked with different concentrations of Cu, Cd and Pb 
respectively. Control (); 10 μM (); 50 μM (); 100 μM (); 200 μM (); 500 μM; 
500 μM (▼) (D), (E), (F) are the OPLS-DA loadings plot of C. vulgaris control and 
cultures spiked with different Cu2+, Cd2+, Pb2+ concentrations. Significant changes were 
labelled by asterisk with p<0.05 (*), p<0.01 (**), p<0.001 (***). Directionality of the 
metabolic changes are indicated by the arrows. Ala, Alanine; Glu, Glutamate; Leu, 
Leucine; Ile, Isoleucine; Val, Valine; Lys, Lysine; Ac; Acetate; Cho, Choline; Bet, 
Betaine; EA, Ethanolamine; GPC, Glycerophosphocholine.189 (Reproduced with 
permission by The Royal Society of Chemistry)     
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The OPLS-DA score plot showed that increasing the concentration of each 
metal affected the C. vulgaris metabolome. Tight clustering of low Cu, Cd and Pb 
concentration classes together with the control sample class suggested that these 
concentrations were insufficient to induce a significant change in the metabolic 
response. In comparison, the high metal concentrations were well separated from the 
control group in a concentration-dependent manner. Furthermore, it was observed that 
Cu-spiked cultures (Fig. 2.4A) were more differentiated than Cd-spiked and Pb-spiked 
C. vulgaris (Fig. 2.4B and C) from CTL along the first principal component (PC1). 
Subsequently, the OPLS-DA loadings plots for individual metal ions were constructed 
to reveal the metabolites responsible for influencing the discrimination patterns in 
OPLS-DA scores plots.  
Metabolites that showed significant differentiation (p<0.001) in the OPLS-DA 
loadings plot (Fig. 2.4D- F) were identified and quantified against the NMR chemicals 
shift indicator (DSS). Table 2.4 summarized the list of metabolites and their respective 
intensity changes as a consequence of different metal ions and concentrations. Heatmap 
correlation of C. vulgaris polar extract 1H NMR spectra demonstrated that Cu-induced 
stress correlated with carbohydrate and osmoprotectant betaine, and these metabolites 
were substantially depleted in cultures exposed to high Cu concentrations (Fig. 2.5A). 
In contrast, substantial increment of acetate and alanine in C. vulgaris exposed to high 
Cd and Pb concentrations indicated that Cd and Pb-induced stress score were greatly 
influenced by acetate and alanine (Fig. 2.5B and C). The relative concentrations of all 
metabolites that displayed significant changes upon exposure to different metal ions 
and concentrations are represented in Appendix I.    
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Table 2. 4 Chemical shift assignments of significantly changing metabolites in polar extracts of Chlorella vulgaris exposed to different 
concentrations of copper, cadmium and lead after 72 h. The intensity changes were computed based on NMR database of control C. vulgaris (CTL) 
against metal-spiked cultures. One-way ANOVA followed by Tukey’s post hoc test was conducted to determined significant metabolic changes. 
Significant changes were labeled by asterisk with p<0.05 (*), p<0.01 (**), p<0.001 (***). Chemical shifts were compared with published 
references, 1) Clausen et al., 2012181; 2) Webershirch et al., 2011182; 3) Chauton et al., 2003183; 4) Liebeke and Bundy, 2013184; 5) Gupta et al., 
2013185, Chenomx 600 MHz standard library and Madison Metabolomics Consortium Database180. 
Metal 
treatments 





Possible Metabolic Responses References 
200Cu, 500Cu  
4.06 (t), 4.22 (d), 5.42 (d) Sucrose ↓*** 
Photosynthesis impairment, affecting 
glycolysis and amino acid biosynthesis 
1,2 
1.48 (d) Alanine ↓*** 1,3 
0.96 (t) Leucine ↓*** 1,3 
0.94 (t) Isoleucine ↓*** 1,3 
0.99 (d), 1.04 (d) Valine ↓*** 1,3 
2.13 (m), 2.48 (m) Glutamate ↓*** 3,5 
3.20 (s) Choline ↓*** 
Cu-induced oxidative stress 
1,3,4 
3.37 (d), 3.90 (d) Ethanolamine ↓*** 5 
3.21 (s) Glycerophosphocholine ↓*** 4 
3.26 (s) Betaine ↓*** 1,3,4 
100Cd 
4.06 (t), 4.22 (d), 5.42 (d) Sucrose ↓** 
Cd-induced oxidative stress 
1,2 
3.21 (s) Glycerophosphocholine ↓** 4 
3.26 (s) Betaine ↓* 1,3,4 
200Cd, 500Cd, 
500Pb 
1.48 (d) Alanine ↑*** 
Cd and Pb-induced hypoxic stress 
1,3 
1.92 (s) Acetate ↑*** 5 
2.13 (m), 2.48 (m) Glutamate ↓*** 3,5 
  









Figure 2. 5 Heatmap correlation of C. vulgaris polar extract 1H NMR spectra. 
Correlation of metabolites responsible for (A) Cu-induced stress; (B) Cd-induced 
stress; (C) Pb-induced stress in C. vulgaris. Metabolites shaded is red are up-regulated, 
while those in green are down-regulated as compared to  CTL.189 (Reproduced with 
permission by The Royal Society of Chemistry)  
2.3.3 Metabolic responses of C. vulgaris influenced by redox-active Cu 
Investigation of OPLS-DA loadings plots and heat map correlations revealed that C. 
vulgaris has different metabolic responses towards redox-active Cu and non-redox-
active metals (Cd, Pb) (Fig. 2.4D to F & Fig. 2.5A to C). Significant decrease of sucrose 
in C. vulgaris exposed to > 200Cu (↓ 75%) suggested that the presence of Cu 
concentration exceeding the minimum inhibitory concentration would result in 
photosynthesis impairment. Although Cu is essential for plant cellular metabolism, it is 
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known to induce adverse effects on photosynthesis when present at higher 
concentrations.173 The process of photosynthesis not only produce carbohydrates, but 
also contributed significantly to amino acid biosynthesis. This is because intermediates 
of the carbohydrate metabolism are precursors of various amino acids.  
For example, alanine (Ala), valine (Val) and leucine (Leu) are biosynthesized 
from pyruvate, a key intermediate of aerobic glycolysis. The decreased sucrose content 
together with depletion of dominant amino acids such as Ala (↓ 92%) , Val (↓ 81%), 
isoleucine (↓ 88%) and glutamate (↓ 88%) in cultures spiked with > 200Cu, confirmed 
that exposure to excess amount of Cu led to photosynthesis impairment. Apart from 
pyruvate, Glu also played a significant role in amino acid metabolism, as it contribute 
the amino moiety during transamination. Thus, lowered Glu content in cultures spiked 
with more than 200 μM CuCl2, possibly utilized for the biosynthesis of glutathione193, 
may also attribute to the decreased amino acid contents.  
Accompanying the decrease in glycerophosphocholine (GPC) content in C. 
vulgaris spiked with > 200Cu are ethanolamine and choline (↓ 77%, ↓ 96%, ↓ 80% 
respectively). These metabolites are intermediates of glyercerophospholipids, which 
are the main component of microalgae cell membrane. The substantial decreased in 
GPC, ethanolamine and choline as a consequence of Cu exposure suggested that high 
Cu concentrations compromised the membrane integrity of C. vulgaris, and could 
possibly cause growth inhibition and even lead to cell toxicity. In addition, the level of 
betaine in Cu-spiked cultures were lowered as compared to CTL (↓ 85%). Betaine is 
an essential osmolyte known to accumulate in organisms under abiotic stresses,194, 195 
Chapter 2 - NMR-based Metabolomics of Metal-Exposed Microalgae 
62 
 
and choline is the precursor for betaine biosynthesis. While the function of betaine is 
commonly attributed to osmotic adjustment, there are studies indicating their 
involvement in ROS scavenging, macromolecules (nucleic acids, proteins, lipids) 
protection, and also serving as carbon and nitrogen source.195, 196 A recent proteomic 
study demonstrated inactivation of betaine aldehyde dehydrogenase (BADH), an 
enzyme responsible for catalyzing oxidation of betaine aldehyde to glycine betaine197, 
by ROS as the cysteine residue at the active site of BADH is susceptible to oxidation.198 
This study coincided with our metabolomics finding of decreasing betaine and betaine 
precursor, choline contents in C. vulgaris exposed to increasing Cu concentrations, 
which further confirmed Cu-induced oxidative stress upon acute exposure to > 200 μM 
CuCl2.  
  




Figure 2. 6 Copper-induced metabolic changes in C. vulgaris. (A) Photosynthesis 
impairment arise from Cu-induced stress impacting carbohydrate metabolism and 
amino acid biosynthesis pathways (yellow). (B) Cu-induced oxidative stress. 
Metabolites which were significantly (p<0.001) reduced were highlighted in red.189 
(Reproduced with permission by The Royal Society of Chemistry)         
 Although ROS activities in C. vulgaris was not determined in this experiment, 
Cu-induced activation of the algal antioxidant defence system as well as elevated lipid 
peroxidation were observed in other Cu-stressed studies.199-202 These studies justified 
our findings that ROS could have been accumulated in the presence of excess redox-
active Cu, thus causing redox imbalance which led to oxidative stress. Substantial 
growth inhibition of C. vulgaris spiked with > 200Cu further suggested that the 
microalgae could not achieve redox homeostasis under high Cu environment. This led 
to Cu-induced photosynthesis impairment and oxidative stress, where both conditions 
have adverse effect on cell growth and development. The Cu-induced metabolic 
changes and respective effects on the metabolic pathway are illustrated in Figure 2.6A 
and B.  
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 2.3.4 Effect of non-redox active Cd and Pb on C. vulgaris metabolome 
Interestingly, C. vulgaris exposed to Cd and Pb without redox capacity did not undergo 
similar metabolic alternations as Cu-spiked cultures (Fig. 2.4E and F). Significant 
decrease in sucrose level was observed for C. vulgaris treated with 100Cd and 500Pb 
(↓ 19% and ↓ 29% respectively). While the reduced sucrose content suggested Cd-
induced photosynthesis impairment when exposed to 100 μM CdCl2, the relative 
concentrations of sucrose in C. vulgaris spiked with > 200Cd were comparable to CTL 
(Appendix I). This demonstrated tolerance responses towards higher concentrations of 
Cd, and will be discussed in further details in Section 2.3.6. Apart from 100 μM CdCl2, 
none other Cd and Pb concentrations induced significant changes (p<0.05) in GPC and 
betaine contents (↓ 6% and ↓ 26% respectively). As betaine and GPC are biomarkers 
of metal-induced oxidative stress, we interpret from these metabolic changes that Cu is 
more potent than Cd and Pb in inducing oxidative stress. The continuous C. vulgaris 
growth over a period of 72 h even at high Cd and Pb concentrations also supported that 
C. vulgaris has higher tolerance towards Cd and Pb as compared to Cu.  
A set of metabolic changes unique to C. vulgaris spiked with >200Cd and 500Pb 
include substantial increment in Ala (↑ 67%, ↑ 33% respectively), acetate (↑ 83%,  ↑ 
71% respectively), and decrease in Glu (↓ 38%). A recent genomics study by Limami 
and co-workers203 demonstrated that the simultaneous accumulation of Ala and 
decreased Glu content in young Medicago truncatula seedlings was a consequence of 
oxygen deprivation during water-logging of the soil. The application of untargeted 
metabolomics might have unravel a new pathway that was altered in response to high 
Cd and Pb concentrations; metal-induced hypoxia in C. vulgaris?  
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To probe the possibility of hypoxic response in microalgae under metal stress, 
we looked into environmental effects (e.g anoxic conditions) that give rise to hypoxia 
responses. Most hypoxic responses in unicellular algae were reported based on 
Chlamydomonas reinhardtii, as it is considered a model organism for understanding 
the photosynthetic energy metabolism under anoxic conditions.204 Under oxygen 
deprived conditions, plants cells switch to alternative metabolic pathways to produce 
adenosine triphosphate (ATP) as oxygen becomes limited for oxidative 
phosphorylation. In order to continue energy metabolism under oxygen limiting 
conditions, plants initiate ethanol or lactate fermentation from pyruvate to maintain 
NAD+ regeneration.205 Accumulation of lactate is toxic to the plant cells as it could 
damage the cells by aggravating cytoplasm acidification. Acetaldehyde, intermediate 
of ethanol fermentation, could also form chemically reactive acetaldehyde-protein 
adducts.203 Hence, excess pyruvate is simultaneously converted to Ala and acetate, to 
prevent accumulation of lactate and acetaldehyde in plant cells. The elevated levels of 
Ala and acetate found in our metabolic analysis suggested that C. vulgaris undergo 
lactate fermentation under high Cd and Pb conditions, and this could be because 
microalgae is experiencing anoxia. Furthermore, the decreased Glu level was likely 
utilized for alanine biosynthesis, where pyruvate reacts with Glu to form Ala and 2-
oxoglutarate via alanine aminotransferase (AlaAT).  
This hypothesis is supported by increased AlaAT activity observed in Lotus 
japonicus206, Arabidopsis thaliana207, and Medicago truncatula203 under hypoxic stress. 
While studies have demonstrated the accumulation of alanine under anoxic 
condition,207, 208 no prior studies have documented metal-induced hypoxic stress in 
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plants. Hence, we could only hypothesized that acute exposure to high concentrations 
of non-redox active Cd andPb reduced oxygen availability in C. vulgaris. This is in 
agreement with Wang and coworkers209, where Cd-spiked Chlorella 
pyrenoidosa experienced reduced net oxygen evolution rates and respiratory oxygen 
consumption rates. Based on the metabolic changes, we gathered that non-redox active 
metals were less capable of inducing oxidative stress, but the presence of high Cd and 
Pb concentrations could led to hypoxic stress. However, further studies are required to 
confirm metal-induced hypoxic stress in C. vulgaris. The Cd and Pb-induced metabolic 
changes and respective effects on the metabolic pathway are summarized in Figure 2.7. 
 
Figure 2. 7 Cd and Pb-induced metabolic changes in C. vulgaris. Anaerobic stress 
responses arise from exposure to >20Cd and 500Pb using anaerobic fermentation 
pathways (yellow). Metabolites which were significantly (p<0.001) increased were 
highlighted in blue, and reduced metabolites were shown in red.189 (Reproduced with 
permission by The Royal Society of Chemistry)     
 2.3.5 Metal Uptake and Bioconcentration Efficiency in C. vulgaris  
Metal uptake and bioconcentration efficiency were calculated to determine if C. 
vulgaris is suitable for phytoremediation of metal-contaminated wastewater. The mean 
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percentage recovery of Cu, Cd and Pb were 106.2%, 102.8% and 102.9%, respectively, 
and the limits of quantification of these metals were 1.67 μg/L, 4.39 μg/L and 1.88 μg/L. 
The CuCl2, CdCl2 and Pb(NO3)2 concentrations used to determine the mean percentage 
recovery were 10μM, 50 μM and 250 μM, and the % recovery was calculated based on 
equation 3 
% Recovery = 
[Metal in spiked biomass]
[Metal in unspiked bioamss]+ [Known metal in acid blank]
 x 100 %  (3) 
Figure 2. 8 Extracellular and intracellular Cu, Cd and Pb concentration. (A), (B) and 
(C) display the Cu, Cd and Pb concentration respectively present in the culture medium 
after 72h. (D), (E), (F), are the Cu, Cd and Pb concentration in C. vulgaris acid digested 
biomass respectively. Column graphs are plotted based on the metal mean 
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concentration ± standard deviation of the mean. Significance (p<0.001) is represented 
by ***.189 (Reproduced with permission by The Royal Society of Chemistry) 
 As expected, the Cu, Cd and Pb contents in algal medium increased with 
increasing concentration of spiked metal solutions (Fig. 2.8A - C, column plots). Cu 
uptake capacity decreased from 70% to 15% when exposed to 10Cu, 50Cu and 100Cu 
respectively. In contrast, exposure to high Cu concentrations (200Cu, 500Cu) improved 
C. vulgaris Cu uptake capacity (15% to 60%). A similar metal uptake trend was 
observed for Cd-spiked cultures, with exception that the Cd uptake capacity gradually 
increased after 100Cd (20% to 80%). Interestingly, Pb-spiked cultures showed 
consistently high uptake capacity (75% to 85%) (Fig. 2.8A - C, line plot).   
Elemental analysis of algal biomass showed that the accumulation of Cu, Cd and 
Pb by C. vulgaris were parallel to increasing metal concentrations in the culture 
medium (Figure 2.8D - F, column plot). This demonstrated that metals removed from 
the algal medium were indeed uptake and bioaccumulated in the cells. The line plot in 
Figure 2.8 D - F also demonstrated that Cu, Cd and Pb were more effectively 
bioaccumulated by C. vulgaris at higher metal concentrations. A comparison of the 
metal uptake capacity and biomass metal content revealed that C. vulgaris has higher 
selectivity for Pb than Cu and Cd, in the order of Pb > Cd > Cu. This indicated that 
metal uptake by C. vulgaris is greatly influenced by the metal type and concentrations, 
which is in line with previous studies.158, 210 
The metal uptake and accumulation mechanisms in metal-tolerant plant 
species149, 150 have been well investigated. It generally involved two processes 1) 
passive adsorption of metals to charged polysaccharides in cell wall and intracellular 
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matrix, 2) active metal uptake against large intracellular concentration gradients.158, 211, 
212 The driving force of metal transportation from the cell wall across the plasma 
membrane is dependent on the quantity and availability of free chelating molecules in 
the algal cytoplasm. Phytochelatins is a common class of metal chelating molecules 
responsible for binding to free metal ions in the cytoplasm. Based on a pioneer study 
by Grill and co-workers213, the production of phytochelatins is catalyzed by 
phytochelatin synthase (PC synthase), where the activation of PC synthase is dependent 
on the type and concentration of free metal ions. As PC synthase is only activated in 
the presence of high intracellular metal content, PCs will be produced when the plants 
sense a substantial increment of free metal ions. This coincided with our observations 
that greater amount of metal ions were accumulated in the biomass when the cultures 
are exposed to higher metal concentrations. According to Grill and co-workers213, Cd 
was determined as the best PC synthase activator followed by Pb and Cu. The amount 
of Cd (50 000 mg/kg dried biomass) accumulated in the biomass was indeed higher 
than Cu (8 000 mg/kg dried biomass). The exceptionally high Pb content in C. vulgaris 
(80 000 mg/kg dried mass), which did not follow the PC synthase metal activation trend, 
may suggest that Pb-detoxification was not attributed to PCs chelation. As observed by 
Afkar and coworkers158, Pb favoured passive adsorption onto the algal cell wall, while 
Cd and Cu were actively accumulated in the algal cells by phytochelatins. With support 
from these studies, we suggest that C. vulgaris metal accumulation trend in the order of 
Pb > Cd > Cu, was due to metal-specific uptake mechanisms by C. vulgaris, which 
could deviate between metal types. Phytochelatins and glutathione were subsequently 
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qantified to further reveal whether chelating molecules were involved in C. vulgaris 
metal uptake process.  
 2.3.6 Quantification of Glutathione and Phytochelatins  
Phytochelatins (PCs) were determined as these classes of compounds are potential Cu 
and Cd chelators in C. vulgaris to form low molecular weight heavy metal complexes. 
Moreover, no other environmental factors except excess metal free ions are capable of 
inducing PCs production in plants, hence the amount of PCs present in C. vulgaris could 
be directly related to specific metal detoxification response.214 Oxidized glutathione 
(GSH) is an antioxidant which played significant role in maintaining redox homeostasis 
in metal-stress plants by efficient metabolism of ROS via ascorbate-glutathione 
pathway.214 In addition, GSH is the sole precursor for PCs biosynthesis.146, 215 The 
metabolic pathways of metal detoxification focusing on the roles of GSH, GSSG and 
PCs were illustrated in Figure 2.9. The limit of quantification of GSH, GSSG, PC2 and 
PC3 were 75.21 μg/L, 132.16 μg/L, 8.65 μg/L and 8.00 μg/L respectively. Based on 
Table 2.5, two GSH trends were observed for redox active Cu and non-redox active 
heavy metals (Cd and Pb) respectively. GSH increased in C. vulgaris exposed to 
increasing concentrations of Cd and Pb. In contrast, GSH was depleting with increasing 
Cu concentrations. Although large variations in GSH contents were observed for 
control samples (Cu CTL = 310 μg/g; Cd CTL = 480 μg/g; Pb CTL 450 μg/g), these 
variations do not influence the overall GSH/GSSG trend, as changes in GSH/GSSG 
ratio were determined within each metal treatment classes. Fluctuations in C. vulgaris 
GSH level could arise from oxidation to GSSG through glutathione-ascorbate cycle, to 
mediate ROS accumulation in metal-stressed cells, or utilized for PC biosynthesis.214  
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The decreased GSH levels with significant increment of PC2 and PC3 in C. 
vulgaris exposed to > 50Cu indicated that GSH was utilized for PCs production. The 
significant accumulation of Cu in algal biomass (Fig. 2.8D) spiked with greater than 50 
μM CuCl2, confirmed that the Cu uptake mechanism by C. vulgaris was through 
chelation with PCs. In many studies, GSH/GSSG ratio instead of absolute GSH and 
GSSG concentrations were determined. GSH/GSSG ratio served as an indicator of 
cellular redox status where low GSH/GSSG ratio indicated oxidative stress.216, 217 
 
Figure 2. 9 Heavy metal (HM) detoxification mechanisms. Free metal ions in C. 
vulgaris cytoplasm induced the production of oxidized glutathione (GSH). To mediate 
metal toxicity in C. vulgaris, GSH act as both antioxidant and precursor of 
phytochelatin biosynthesis. Both metabolic pathways serve to reduce the availability of 
ROS and free metal ions, which would otherwise have adverse effects on the plant cells. 
  A comparison of GSH/GSSG ratio in various metal-spiked cultures, revealed 
that Cu (GSH/GSSG = 0.698) was indeed more capable of inducing oxidative stress as 
compared to non-redox active Cd and Pb, with ratio of 4.861 and 1.781 respectively. 
The oxidative stress indicator coincided with our metabolomics findings where organic 
osmolyte (betaine) were significantly reduced in C. vulgaris spiked with > 200Cu, but 
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no significant changes were observed for Cd and Pb-spiked cultures. Growth inhibition 
of C. vulgaris exposed to > 200Cu further revealed that C. vulgaris was unable to cope 
with the increasing Cu load, leading to higher oxidative stress. However, the higher 
PCs content in C. vulgaris treated with 500 Cu as compared to 200Cu, suggested that 
C. vulgaris started to regulate Cu toxicity at higher Cu concentrations. The slow 
accumulation of PCs in response to Cu toxicity could be due to the activation of PC 
synthase only in the presence of large amount of free metal ions. 
Table 2. 5 Quantification of glutathione and phytochelatins in algal extract. The concentration 
of thiol compounds were determined by LC-MS/MS using MRM mode. The mean reading 
(μg/g dried biomass) for each treatment is based on 6 replicates. Significant values were 






 Mean Std Dev Mean Std Dev Mean  Std Dev 
CTL 310.47 26.32 0.777 1.96 0.11 N.D. - 
10Cu 305.99 26.08 0.647 6.78 1.15 N.D. - 
50Cu 384.02 28.94 0.618 29.51 3.68 6.93 1.1 
100Cu 376.77 5.77 0.759 42.25* 1.78 14.43* 1.01 
200Cu 85.68* 6.59 0.435 42.62* 6.51 7.84 0.54 
500Cu 150.43* 10.28 0.698 77.62* 3.29 15.93* 1.79 
CTL 479.67 39.38 1.097 N.D. - N.D. - 
10Cd 481.4 29.78 0.911 3.52 0.25 N.D. - 
50Cd 499.7 34.24 1.195 5.77 0.5 9.52 0.25 
100Cd 437.22 22.92 2.038 71.81* 7.86 32.87* 4.89 
200Cd 622.65* 35.52 1.649 223.24* 10.6 201.19* 18.46 
500Cd 616.44* 11.74 4.861 405.05* 12.07 953.88* 32.46 
CTL 449.65 32.24 1.163 N.D. - N.D. - 
10Pb 468.82 27.05 1.538 N.D. - N.D. - 
50Pb 453.8 30.05 1.402 N.D. - N.D. - 
100Pb 495.23 16.41 1.239 N.D. - N.D. - 
200Pb 486.95 18.33 1.24 N.D. - N.D. - 
500Pb 652.69* 29.46 1.781 N.D. - N.D. - 
For Cd-spiked cultures, PCs biosynthesis was activated when the free Cd ion 
concentration reached 100 μM. The concentration-dependent accumulation of Cd 
observed in Figure 2.8E was in parallel with the PCs production. This further indicated 
that intracellular Cd were bound to PCs, as increasing PCs availability resulted in 
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increased Cd accumulation. The higher Cd BCF (BCF500Cd, 72h = 4000, BCF500Cu, 72h = 
600) as compared to Cu, suggested that C. vulgaris favoured the uptake of Cd. With 
higher Cd levels in the cells, we would expect Cd-spiked cultures to display more 
oxidative stress The high GSH/GSSG ratio for Cd-spiked cultures and substantial 
increment of GSH, PC2 and PC3 contents indicated that C. vulgaris was able to regulate 
Cd-induced stress, probably by the formation of PCs-Cd complexes. The complexation 
could greatly reduce Cd ion availability in the cell cytoplasm, which would otherwise 
induce indirect ROS production, leading to oxidative stress.164 Our observed trends 
were in line with previous studies on marine and freshwater algae, where the total PCs 
content increased with increasing Cu and Cd concentrations.192, 218  
Despite the exceptionally high Pb BCF (BCF500Pb, 72h = 5000), the absence of 
PCs in Pb-spiked cultures, suggested that Pb was accumulated through a different 
mechanism. The relatively consistent GSH/GSSG ratio regardless of Pb exposure 
concentrations, revealed that C. vulgaris was not experiencing significant oxidative 
stress. This indicated that the high Pb loading was either detoxified by other metal 
chelators or passively adsorbed onto the cell wall rather than accumulated within the 
cells. A recent study by Afkar and coworkers158 demonstrated that Pb favoured the 
absorption to charged polysaccharides on the algal cell wall, over active uptake into the 
cytoplasm. Metal transportation across the cell membrane into the cytoplasm is a 
metabolic active process, and would induce at least some changes to C. vulgaris 
metabolome as evident by Cu and Cd-spiked sample classes. Thus, the tight clustering 
of CTL and Pb-spiked sample class in our NMR-based metabolomics study further 
confirmed that Pb was adsorbed onto the cell wall. 




In this chapter, untargeted metabolomics using one-dimensional 1H NMR spectroscopy 
in combination with LC-MS/MS quantification of metal detoxification molecules (GSH, 
GSSG, PCs) were applied to understand the effect of various concentrations of Cu, Cd 
and Pb on green microalgae, with special focus on metal toxicity and tolerance 
responses. NMR-based metabolomics was an unbiased and comprehensive analysis, 
which simultaneously detected as many metabolites in Chlorella vulgaris as possible. 
With the application of multivariate data analysis, metabolites attributing to significant 
metabolic changes in metal-spiked C. vulgaris were determined rapidly.  
 Substantial decrease in sucrose content and some major amino acids revealed 
that C. vulgaris experienced photosynthesis impairment in the presence of high 
concentrations of redox active Cu (>200Cu). Decreasing betaine content in Cu-spiked 
cultures revealed Cu-induced oxidative stress, which were in agreement with the lower 
GSH/GSSG ratio determined by LC-MS/MS analysis. Through the analysis of 
metabolic pathways affected by free metal ions, we first unravel a relationship between 
Cu toxicity and redox homeostasis in green microalgae. High Cu concentrations lead to 
redox imbalance, and when redox homeostasis is not achieved, the growth and 
development of C. vulgaris was substantially impacted. Growth inhibition and 
photosynthesis impairment of Cu-spiked cultures affirmed that acute exposure to high 
Cu concentrations were toxic to C. vulgaris. As these metabolic alternations were not 
observed in cultures spiked with Cd and Pb, we conclude that redox active Cu is more 
potent than non-redox active Cd and Pb to induce redox imbalance. Elevated levels of 
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alanine and acetate were found in C. vulgaris spiked with >200Cu and 500Pb. With 
reference to previous studies that demonstrated alanine accumulation in organisms 
cultured under oxygen limiting conditions, we suggest for the first time metal-induced 
hypoxic stress. Since this is the first study to report metal-induced hypoxic stress, more 
experiments such as determination of C. vulgaris oxygen availability in the presence of 
various Cu, Cd and Pb concentrations are required before a conclusion could be drawn.  
ICP-MS and LC-MS/MS analyses further revealed a linear relationship between 
metal (Cu and Cd) exposure concentrations, and the availability of metal detoxification 
molecules (GSH, PCs) in algal biomass. This suggested that the metal uptake and 
detoxification mechanisms for Cu and Cd involved high affinity chelation between free 
metal ions and thiol groups on GSH and PCs, and reduction of ROS through 
glutathione-ascorbate cycle. Higher PCs and GSH contents, and lower GSH/GSSG 
ratio in Cd-spiked cultures as compared to Cu-spiked cultures indicated metal-specific 
toxicity and tolerance responses in C. vulgaris, Furthermore, the substantial 
accumulation of Pb in PCs-free C. vulgaris biomass, demonstrated metal-specific 
uptake mechanisms, with Pb preferably adsorbed to the algal cell wall, and Cu, Cd 
transported across the cell membrane. Lastly, the high metal uptake capacity (40 to 80%) 
confirmed that C. vulgaris is an ideal for bioremediation of a wide range of metals in 
wastewater.  
Although the BCF of Pb is relatively higher than Cu and Cd, we were unable to 
determine if C. vulgaris exhibited higher selectivity towards Pb as all cultures were 
treated with single metal solutions. Thus, to understand metal selectivity of C. vulgaris 
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and gain insights into possible interactions between the different metal pollutants, green 
microalgae were further exposed to metal mixtures. The effects of Cu, Cd, Pb mixtures 
on local Chlorella sp. are detailed in Chapter 3.




Chapter 3: Metallomics and NMR-based Metabolomics of Local 
Chlorella sp. Exposed to Multi-Metal Systems of Copper, Cadmium 
and Lead  
3.1 Introduction 
The potential use of microalgae for bioremediation of heavy metal wastewater 
has been discussed in Chapter 2. While many studies revealed high metal absorption 
and bioaccumulation capacity in freshwater and marine microalgae, these observations 
were established based on single metal pollutants.153,219 Industrial wastewaters 
normally contain high levels of several metal compounds, where these metal pollutants 
may interact with each other to exert toxicity simultaneously in either a synergistic or 
antagonistic manner.140 As combined metal toxicity is not simply a summation of two 
or more single metal effects, single-metal systems would not be able to predict the 
interactive effects of combined metals on biochemical and physiological processes of 
organisms. Therefore, there are growing research interest in understanding the 
combined effects of heavy metals on microalgae. Studies on multi-metal systems have 
shown competition between metals for absorption to algal cell wall.220  In addition, 
microalgae exposed to metal mixtures displayed synergistic and antagonistic effects of 
combined metals on algal growth, cell membrane lysis, photosynthesis efficiency and 
chlorophyll synthesis221,222,223.  
More recently, transcriptomics224 was applied to investigate the effects of 
various single and combined copper (Cu) and cadmium (Cd) concentrations on green 




microalgae (Chlorella vulgaris). Targeted transcriptomics focusing on photosynthesis-
related gene transcription levels, revealed that Cu and Cd independently inhibited psbA 
and rbcL gene expression, but these metals could synergistically stimulate gene 
expression of psaB. The rbcL and psbA gene encodes for large subunit of RuBisCO 
and integral membrane protein D1 of photosystem II (PSII) respectively. Down-
regulation of rbcL and psbA as a consequence of individual Cu and Cd decreased CO2 
assimilation and PSII activity, resulting in photosynthesis impairment.224 Qian and co-
workers speculated that Cu and Cd have no significant interactive effects on the 
expression of psbA and rbcL as Cu and Cd have different interaction sites for the genes, 
and these interaction sites have no relationship. Synergistic interactions between Cu 
and Cd facilitated the up-regulation of psbB gene expression, which encodes for P700 
chlorophyll A2 apoproteins. These apoproteins are responsible for PSI activity, hence 
the synergistic effects of Cu and Pb likely led to activation of metal-tolerance response 
in C. vulgaris. Furthermore, the combination of Cu and Cd synergistically induced ROS 
production and decreased chlorophyll-a content.  
To establish the metal toxicity and tolerance response of C. vulgaris exposed to 
combined Cu and Cd, Qian and co-workers225 studied the antioxidant enzyme activities 
and redox status in metal-spiked cultures. The increased superoxide dismutase (SOD), 
catalase (CAT) and peroxidase (POD) activities in Chlorella vulgaris exposed to singly 
or combined Cu with Cd, but not observed in Cd-spiked cultures, indicated that 
oxidative stress was induced solely by Cu and not as a consequence of Cu and Cd 
interactions. The accumulation of malondialdehyde (MDA) in Cu-spiked cultures and 
C. vulgaris treated with combined metals, but no significant interactions between Cu 




and Cd, confirmed that lipid peroxidation was also induce by Cu alone. However, no 
explanation on the observed trend was provided in the study.225 
Many studies on combined metal effects have conflicting findings because the 
interactive effects of metals are dependent on algal species226, type of metal 
combinations and metal concentrations227, of which all were variables of different 
experiments. In addition, the type of interactions between metals might differ with the 
biological response measured. For example, mixtures of Cu, Cd and Lead (Pb) had an 
antagonistic effect on photosynthesis of Scenedesmus quadricauda, but a synergistic 
effect on algal growth. 228 Simultaneous monitoring of as many biological responses 
(e.g. cell growth, photosynthesis efficiency, antioxidant activities, lipid peroxidation) 
which might be affected by metal exposure would ideally eliminate experimental 
biasness. In terms of time, cost and manpower, this experimental plan is not feasible. 
Moreover, the hypothesis-driven approach has lesser or even close to no opportunity to 
discover unexpected and novel biological responses as the parameters are fixed. 
Untargeted metabolomics, the unbiased simultaneous detection and quantification of 
metabolites (including chemical unknowns) from biological samples, offers a window 
to unravel any biochemical activities influenced by environmental stimuli.1 To our 
knowledge, the elucidation of combined metal effects on green microalgae using 
untargeted metabolomics approaches have not been assessed. 
Nuclear magnetic resonance spectroscopy (NMR) and mass spectrometry (MS) 
are two commonly used analytical techniques in untargeted metabolomics. Although 
NMR has lower sensitivity than MS which serve as a problem to detect secondary 




metabolites usually present at levels lower than NMR detection limits (10 μM), the non-
destructive, non-selective nature and simple sample preparation steps makes NMR 
ideal for primary macro-level analysis of the organism metabolome.229,230 Furthermore, 
the use of ultrahigh magnetic field strength NMR spectrometers, specific NMR 
techniques (Carr-Purcell-Meiboom-Gill231 or J-resolved spectroscopy230,232) and water 
suppression techniques233 could alleviate spectral overlapping and improve resolution 
between peaks. Therefore, NMR remains as the most commonly used analytical tool to 
shed light on the metabolic alternations in organisms, and was used in this study to 
unravel the effects of combined heavy metals in microalgae.   
Metabolomics has been viewed as a complementary tool to other 'omics' 
technologies, as it provided solutions to the shortcomings of other approaches.69 Hence, 
metabolomics is commonly applied as an individual tool or in combination with other 
'omics' approaches to gain comprehensive understanding of the behaviour of biological 
systems at the molecular level. In this study, we complemented NMR-based 
metabolomics with metallomics. Metallomics is an emerging research field which 
focused on elemental distributions, interactions and functional connections between 
metal and metalloid species with genes, proteins, metabolites and other 
biomolecules.234,235,236 Apart from understanding the distribution of essential elements 
(e.g. Na, K, Mn, Co) in microalgae exposed to single and combined metals using 
inductive coupled plasma MS (ICP-MS), a specific class of metallometabolites known 
as metal-phytochelatin complexes was analysed in our metallomics study.  




Phytochelatins (PCs) are intracellular thiol peptides biosynthesized by 
organisms exposed to metals stress, and have been known to play essential roles in 
metal accumulation and tolerance in different plants and algae species (See Chapter 2. 
3.6). Reversed phase liquid chromatography coupled with tandem mass spectrometry 
(LC-MS/MS) instead of conventional thiol derivatization with Ellman's reagent or 
monobromobromine was chosen for the quantification of thiol peptide apo-form, as the 
latter method is known to underestimate the amount of analyte present due to 
incomplete derivatization. 
Chlorella vulgaris a green microalgae species found in tropical and temperate 
freshwater bodies, has demonstrated high metal uptake capacity from single Cu, Cd and 
Pb solutions189 (Chapter 2). Our results together with other biosorption studies237, 238 
showed that Chlorella sp. has great potential for bioremediation of metal pollutants in 
wastewater. To test the feasibility of using green microalgae for removal of heavy 
metals in Singapore freshwater bodies, this study was established based on a local 
Chlorella sp. isolated from Marina Reservoir, Singapore. Similar to the metabolomics 
of C. vulgaris in single metal exposure, Cu, Cd and Pb were chosen for the 
metabolomics and metallomics study of local Chlorella sp. in multi-metal systems due 
to their high availability in industrial wastewater, and its toxic, persistent and 
biomagnification nature in food chains. Based on our preliminary studies (results not 
reported), metabolic alternations were observed in Chlorella sp. after 24 h exposure to 
200 μM CuCl2 (~ 10 mg/L free Cu ions). Since metal toxicity is affected by the 
concentration of free metal ions rather than metal solution, the single, binary and ternary 
metal systems were prepared using approximately 10 mg/L of free Cu, Cd and Pb ions. 




In this chapter, 1H NMR metabolite profiling complemented with multivariate 
data analysis were used to reveal the substantial variability in local Chlorella sp. 
metabolome upon acute (0h, 48h) and chronic exposure (1 week, 2 weeks) to different 
single, binary and ternary metal systems. Metal-induced metabolic changes will be 
examined in details to determine whether changes were caused by single metals or 
combined metals. The interactive effects of heavy metals on essential element 
distributions and metal uptake capacity will be investigated using ICP-MS. 
Furthermore, LC-MS/MS will be used to elucidate the role of thiol peptides in 
regulating metal homeostasis.  
3.2 Materials and Methods 
 3.2.1 Chemicals  
Algal growth medium was prepared with deionized water, and all mobile phases, 
extraction buffers, metals and standard solutions were prepared using ultrapure water 
(Smart2Pure, Thermo Scientific TKA). Trace analysis grade nitric acid, methanol and 
acetonitrile were purchased from Thermo Fisher Scientific (Waltham, MA, USA). The 
ICP-MS multi-element standard solution V was purchased from Sigma-Aldrich (St. 
Louis, MO, USA), and the internal standards for ICP-MS (germanium, iridium and 
rhodium) were obtained from High-Purity Standards (Charleston, SC, USA). 
Phytochelatins 2-5 (PC2-5) were purchased from AnaSpec, Inc. (Fremont, CA, USA). 
Deuterium oxide (D2O) was purchased from Cambridge Isotope Laboratories 
(Andover, MA, USA). All other chemicals such as copper chloride dihydrate 
(CuCl2•2H2O), cadmium chloride hemi(pentahydrate) (CdCl2•2½H2O), lead nitrate 
(Pb(NO3)2), 4,4-dimethyl-4-silapentane-1-sulfonic acid (DSS), diethylene triamine 




pentaacetic acid (DTPA), formic acid (FA), reduced (GSH) and oxidized (GSSG) 
glutathione, N-acetyl-L-cysteine (NAC) and tris(2-carboxyethyl)phosphine (TCEP) 
were purchased from Sigma-Aldrich (St. Louis, MO, USA).  
 3.2.2 Cell Cultivation and Metal Treatments 
A total of 40 (8 treatments x 5 replicates) biological replicates of freshwater green 
microalgae, Chlorella sp. were cultivated under controlled conditions (photoperiod of 
18h day/ 6h night, 24 °C) in Bold's basal medium (2nL/culture, pH 7.2).176,177 The algal 
culture, an isolate from local reservoir (Marina Reservoir, Singapore), is a gift from 
Professors Karina Gin (National University of Singapore, Department of Civil and 
Environmental Engineering). Cell density of Chlorella sp. was determined daily using 
UV-vis spectrometer (OD440). Cultures grown to the early stationary phase (~ 2 x 107 
cells/mL) were spiked with 8 different metal treatments (Table 3.1), where 200Cu, 
100Cd and 50Pb cultures each contain similar free metal ion concentration (~10 ppm 
as determined by ICP-MS, data not shown). The cultures were incubated for 2 weeks, 
and cells were harvested at four time points (0h, 24h, 1 week, 2 weeks) by gentle 
centrifugation (3000 g, 5 min, 4 ⁰C).  The metabolic reactions win thin the cell pellets 
were quenched using liquid nitrogen and lyophilized overnight. Dried algal biomass 
was stored in -80⁰C until further processing. 
3.2.3 Viable Cell Counting and Chlorophyll-a Determination 
Algal samples were subjected to 0.04% trypan blue (15min) dye, where dead cells were 
strained blue and live cells were excluded from straining. The viable cell density 
determined using haemocytometer, was used to calculate percentage cell viability 




(Equation 1). The chlorophyll-a concentration in algal cells were determined using 
ISO10260:1992 with slight modification. Filtered algal cells (5 mL to 8 mL) was treated 
with 90% ethanol (25 mL) to extract photosynthetic pigments. To facilitate pigment 
extraction, the ethanol extractant was placed in the water bath (75 ⁰C, 5 min).   
Table 3. 1 Acute and chronic exposure of Chlorella sp. in different single, binary and ternary 
metal systems.239 (Reproduced with permission by The Royal Society of Chemistry) 
Metal treatments Abbreviations 
Chlorella sp. (control)  CTL 
+ 200 μM CuCl2  200Cu 
+ 100 μM CdCl2 100Cd 
+ 50 μM Pb(NO3)2 50Pb 
+ 200 μM CuCl2 + 100 μM CdCl2 CuCd 
+ 200 μM CuCl2 + 50 μM Pb(NO3)2 CuPb 
+ 100 μM CdCl2 + 50 μM Pb(NO3)2 CdPb 
+ 200 μM CuCl2 + 100 μM CdCl2 + 50 μM Pb(NO3)2 All Metals 
  
The ethanol extract was cooled to room temperature, before overnight storage in the 
dark at 4⁰C. The absorbance of ethanol extract was measured at 665 nm and 750 nm 
against reference cell filled with ethanol. An aliquot of acidified extract (3.0 M HCl, 50 
μL/ 5 mL extract) was incubated at room temperature for 30 min before the absorbance 
was measured at 665 nm and 750 nm. The chlorophyll-a (chl-a) concentration was 
calculated based on Equation 2. 
% Viable Cells =               Number of Unstrained Cells                 x  100%             (1) 
        Total Number of Cells (Unstrained + Strained) 
 
 Chlorophyll-a Concentration (mg/L) = (A - Aa) x 29.6 x   Ve              (2) 
                                            Vs • d   




where A = A665-A750 is the absorbance of the extract before acidification, Aa = A665-
A750 is the absorbance after acidification, Ve is the amount of extract in mL, Vs is the 
amount of algal sample in L, and d is the path length of the optical cell in cm. 
 3.2.4 NMR-based Metabolomics  
The extraction and data analysis workflow for NMR-based metabolomics is similar to 
that described in Chapter 2, Section 2.2.3. Metabolites were extracted from dried algal 
biomass (20.00 ± 0.03 mg) using cold aqueous methanol (20% methanol). The 
suspension was subjected to ultrasonication (30 min, 4°C), and the cell debris was 
removed by centrifugation (13 000 rpm, 15 min, 4°C). The extraction procedure was 
repeated twice, before the supernatant was lyophilized overnight. Freeze dried samples 
were reconstituted in phosphate buffer (0.1 M, pH 7.4 with 10% D2O) with internal 
standard (0.5 mM DSS). All NMR spectra were acquired under automation on a 600 
MHz NMR spectrometer (Agilent Technologies, CA, USA). Each spectrum consisted 
of 128 scans of 16 384 data points in the frequency domain, and were collected using 
the water suppression (relaxation delay of 2.00 s) followed by Carr-Purcell-Meiboom-
Gill (CPMG) pulse sequence. The spectra were automatically Fourier transformed 
using an exponential window with a line broadening value of 0.5 Hz, phased and 
baseline corrected using Chenomx NMR suite 7.6 (Chenomx Inc., AB, Canada). 1H 
NMR chemical shifts in the spectra were referenced to DSS methyl peak at δ 0.00. 
 The NMR spectra were integrated, normalized against internal standard area of 
DSS, and the data were reduced into spectra bins (0.04 ppm width) using Chenomx 
NMR suite 7.6.  Subsequently, the data was imported into SIMCA-P 12.0 (Umetrics, 




Sweden) for multivariate data analysis. Pareto scaling was performed before principal 
components analysis (PCA) was constructed. Significantly discriminated metabolites 
were identified by matching their chemical shifts to the standards in Chenomx Profiler 
600 MHz database. The significance of metabolic changes were determined by two-
way analysis of variance (ANOVA) followed by post hoc Tukey's test, using OriginPro 
9.0 (OriginLab, MA, USA). Lastly, a list of tentatively assigned metabolites was 
generated. The identity of each tentatively assigned metabolites were confirmed by 
published data 181,183,184,185,189. The results from 2-way ANOVA are reported as 
F(degree of freedoms between groups, degree of freedoms within groups) = x, p value. 
 3.2.5 Metallomics Study Using ICP-MS 
Algal growth medium was filtered (0.2 μm, PTFE) and acidified with 2% (v/v) 
Suprapure nitric acid. An additional acid digestion step using microwave heating (15 
min, 180°C, ETHOS One, Milestone ) was applied to dried algal biomass (10.00 ± 0.03 
mg). The samples were analysed on ICP-MS (7700X, Agilent Technologies, CA, USA), 
using operating conditions summarized in Table 3.2. Concentration of essential 
elements and heavy metals present in medium and biomass were quantified based on 
7-point external calibration. Internal calibration of Rh, Ge, Ir (100 μg/L respectively) 
were used for analytical signal corrections. The analysis results were viewed and 
processed on ICP-MS MassHunter (B.01.03, Agilent Technologies, CA, USA), and 
were subjected to statistical analysis. The metal uptake capacity and bioconcentration 
factor186 for different heavy metals were calculated using Equation 3 and 4.  
Metal uptake capacity (%) = [M]M,I - [M]M,F x 100 %   (3) 
                [M]M,I 




         Bioconcentration factor (L/kg) = [M]B,F                                       (4) 
       [M]M,F 
where [M]M,I and [M]M,F represent the initial and final concentration of Cu, Cd and Pb 
in the algal medium respectively and [M]B,F represent the metal content in algal biomass 
after each treatments. 
Table 3. 2 Operating parameters for ICP-MS239 (Reproduced with permission by The 
Royal Society of Chemistry) 
Nebulizer Type MicroMist 
Isotopes 
Monitored 
23Na, 24Mg, 39K, 55Mn,56Fe, 59Co, 66Zn (Essential 
Elements) 
63Cu, 113Cd, 208Pb (Heavy Metals) 
72Ge, 103Rh, 191Ir (Internal Standards) 
Forward Power 1500 W 




Carrier Gas Flow 1.07 L/min 
 3.2.6 LC-MS/MS Analysis of Thiol Peptides  
The procedures for thiol peptides extraction were adapted and modified from published 
protocols.187, 188 Thiol peptides were separated on 1290 Infinity LC system, and 
analysed in multiple-reaction monitoring (MRM) mode on 6490 triple quadrupole MS 
(Agilent Technologies, CA, USA). Instrument operating conditions and transition pairs 
used are detailed in Table 3.3. The thiol peptides in Chlorella sp. were quantified based 
on 6-point external calibration, and N-acetyl-L-cysteine (50 μg/mL) was used as the 
internal standard. The chromatogram were acquired and integrated using LC-QQQ 
MassHunter (V B.06.00, Agilent Technologies, CA, USA). The integrated data was 
later subjected to by two-way analysis of variance (ANOVA) followed by post hoc Tukey's 
test. 




Table 3. 3 Operating Parameters for LC-MS/MS239 (Reproduced with permission by 
The Royal Society of Chemistry) 
UHPLC Parameters 
Column Zorbax Plus C18 (100 x 4.5 mm, 3.5 μm) 
Column Temperature 40 ⁰C 
Mobile Phase 
Ultrapure water with 0.1% formic acid (A), 
Methanol with 0.1% formic acid (B) 
Flow Rate 0.5 mL/min 
Injection Volume 10 μL/min 
Elution Gradient 
Initial equilibration at 2% B for 3 min, followed by 
step gradient from 2 to 20% and 20 to 70% B at 2 min 
each. Flush with 70% B for 2 min, before re-
equilibration to initial column condition for 3 min 
(Total run time is 12 min) 
MS Parameters 
Ion Source Agilent Jetstream Electrospray Ionization (ESI) 
Ionization Mode Positive 
iFunnel 160 V (High Pressure); 100 V (Low Pressure) 
Gas Temperature 
Gas Flow Rate 
260 ⁰C 
15 L/min 
Sheath Gas Temperature 
Sheath Gas Flow Rate 
300 ⁰C 
11 L/min 





Reduced Glutathione (GSH) 308.1 → 233.0; 308.1 → 162.0 12 
Oxidized Glutathione (GSSG) 613.2 → 355.2; 613.2 → 484.1 22 
Phytochelatin 2 (PC2) 540.3 → 336.0; 540.3 → 232.9 20 
Phytochelatin 3 (PC3) 772.3 → 232.8; 772.3 → 465.1 10 
Phytochelatin 4 (PC4) 1004.4 → 464.6; 1004.4 → 540.0 42 
Phytochelatin 5 (PC5) 1236.5 → 697.2; 1236.5 → 771.9 53 
N-acetyl cysteine (NAC) 164.2 → 75.9; 164.2 → 59.0 11 
 3.2.7 Extracellular EPS Extraction and Determination 
Extracellular polymeric substances (EPS) were extracted using the regular 
centrifugation method described by Zhang and co-workers240. The published protocol 
was slightly modified to optimize EPS extraction from Chlorella sp. Algae samples 
were first vortexed (10s) to break apart the cell aggregates. The algal solutions (30 mL) 
were incubated with shaking (225 rpm, 55 ⁰C, 1h) to facilitate removal of EPS from 




cell surface. Biomass was removed by gentle centrifugation (3000 g, 4 ⁰C, 5 min) and 
the supernatant was filtered (0.2 μm, PTFE) to remove cell debris.  
 EPS is a complex mixture consisting primarily of polysaccharides, proteins, 
nucleic acids, lipids and humic substances. The extracellular EPS yield in this study is 
represented by the sum of carbohydrates and proteins Carbohydrates in the extracellular 
EPS were quantified using phenol–sulfuric acid160 method, with glucose as the standard. 
Bio-Rad protein assay (Bio-Rad, CA, USA) based on Bradford dye-binding method161 
was used to determine protein yield from extracellular EPS. γ-globulin was used as the 
standard in Bio-Rad protein assay. The absorbance of carbohydrates and proteins 
absorbance were measured at 490 nm and 750 nm respectively. 
3.3 Results and Discussion  
 3.3.1 Chlorella sp. Growth, Chlorophyll-a Concentration and Cell 
Morphology 
Viable cell densities of Chlorella sp. exposed to different various single, binary and 
ternary metal systems over a period of 2 weeks were determined (Fig. 3.1A). As 
determined by 2-way ANOVA, the effect of metal treatments and exposure durations 
on Chlorella sp. growth were both significant, F(7, 64) = 721.00 and F(3, 64) = 356.70, 
p<0.001. With the exception of 50Pb, all metal-spiked cultures experienced growth 
inhibition over the 2 weeks exposure. Growth inhibition in this experiment is defined 
as no or slow growth of cells over 2 weeks (< 2 times increase when compared to cell 
density at time 0h). The growth rate of Chlorella sp. treated with 50Pb was comparable 
with CTL. This indicated that the amount of Pb(NO3)2 added was insufficient to have 




adverse effects on cell growth and development. The consistent percentage cell viability 
of Chlorella sp. exposed to single Cu and Cd (200Cu and 100Cd) and binary CdPb 
metal systems, indicated that these metal treatment resulted in growth inhibition, but 
did not induce cell toxicity. In contrast, Cu-spiked binary and ternary metal mixtures 
(CuCd, CuPb and All Metals) displayed significant cell toxicity. Cell toxicity is defined 
as decreased in % cell viability over a period of 2 weeks. A comparison of singly-spiked 
algal growth rate against CTL revealed that despite exposure to similar free metal ion 
concentrations (~ 10 mg/L), Chlorella sp. was more sensitive towards Cu and Pb had 
no apparent effect on algal growth. As the presence of two or more metals in the algal 
growth medium, especially CuCd and All Metals, enhanced growth inhibition and cell 
toxicity, we suggest that Cu and Cd synergistically impacted Chlorella sp. growth and 
development.    
 Similar to the viable cell density trend, the effect of metal treatments and 
exposure durations on Chlorella sp. chlorophyll-a (chl-a) content were significant, F(7, 
64) = 665.36 and F(3, 64) = 284.45, p<0.001. Cultures spiked with metals, with the 
exception of 50Pb have lowered chl-a content over the 2 weeks metal treatment (Fig. 
3.1B) Chl-a is a class of photosynthetic pigments essential for oxygenic photosynthesis. 
They are responsible for the absorbance of a broad spectrum of light, and functioned as 
primary electron donor in the electron transport chain. Thus, the reduced Chl-a content 
in Chlorella sp. may suggest adverse impact of metal exposure except 50Pb on 
microalgae photosynthesis efficiency.  





Figure 3. 1 Parameters to determine Chlorella sp. growth upon exposure to various 
heavy metal combinations over a period of 2 weeks. (A) Viable cell density of Chlorella 
sp. The % cell viability is labeled on top of each respective columns. (B) Chlorophyll a 
concentration of Chlorella sp. *Significant changes in Chlorella sp. cell density and 
Chl-a concentration over time were determined by 2-way ANOVA, followed by post 
hoc Tukey's test.239 (Reproduced with permission by The Royal Society of Chemistry) 
 Microscopy analyses of Chlorella sp. at 0h and 24h showed no morphological 
changes between control and metal-spiked cultures as cells were unicellular and 
spherical in shape with an average diameter of 5μm. After 1 week of metal treatment, 
Chlorella sp. spiked with Cd and Pb (100Cd, 50Pb, CdPb) had similar cell morphology 
compared to CTL, but cell clumps were found in Cu-spike cultures (200Cu, CuCd, 
CuPb, All Metals), regardless of the metal combinations (Appendix II). Cu-spiked cell 
aggregated further after 2 weeks, and small cell clumps started to form in Cd-spiked 
cultures (Fig. 3.2). Cell aggregation was likely caused by the accumulation of 




extracellular polymeric substance (EPS) around cells exposed to Cu and Cd, which 
caused the cells to stick together when in close proximity. The mucilaginous layer may 
have served act as a metal barrier, which passively adsorbed heavy metals to the EPS 
rather than allowing metal uptake across the cell membrane, to postpone or even 
prevent toxic effect of metals241.  
 Our growth inhibition study may have conflicting results with other studies. 
While previous studies observed cell toxicity within days or even hours after exposure 
to low metal concentrations, our cultures experienced growth inhibition only after 
prolong exposure to high concentrations of Cu and Cd. Franklin and co-workers221 
reported that Cu and Cd in the submicromolar range (< 1 μM) could reduce C. vulgaris 
growth rate by 50%. As discussed in Chapter 2, high Chlorella sp. cell density used in 
this experiment could attribute to the Cu and Cd tolerance. Due to the requirement of 
large quantity of dried algal biomass for metallomics and NMR-based metabolomics 
analysis (~ 1.5 g dried biomass), the microalgae was cultivated to early stationary phase 
with an average cell density of 2 x 107 cells/mL. The cell density is almost 100 times 
higher as compared to microalgae cultures used in other studies.221,224  As each algal 
cells played a significant role in metal accumulation and detoxification, the higher cell 
density used in this experiment could more effectively alleviate metal stress. This 
hypothesis is supported by another study from Franklin and co-workers242, which 
demonstrated cell density-dependent Cu toxicity in tropical green microalgae, as the 
tolerance for Cu was improved significantly when the initial cell densities were 
increased by 100 folds from 103 to 105 cells/mL.   





Figure 3. 2 Optical micrographs of Chlorella sp. cells treated with different metal 
combinations after 2 weeks (Magnification at  40x).239 (Reproduced with permission 
by The Royal Society of Chemistry) 
 3.3.2 Effect of Combined Metals and Exposure Time on Chlorella sp. 
Metabolome using NMR Spectroscopy 
The metabolic responses of Chlorella sp. in multi-metal systems at various exposure 
durations (0h, 24h, 1 week, 2 weeks) were analyzed by NMR spectroscopy. Figure 3.3 
displayed a comparison of 1H NMR spectra of Chlorella sp. control (CTL), and cultures 
exposed to single, binary and ternary metal systems after week 1. Some differences in 
signal intensities at the aliphatic (δ 2.00 - 0.00) and carbohydrate regions (δ4.00 - 2.00) 
were observed, with an overall down-regulation of metabolites observed in Cu-spiked 
cultures (200Cu, CuCd, CuPb, All Metals). As overlapping resonances make it 




challenging to visually identify metabolites that were changing in response to different 
metal conditions, a more reliable and high-throughput approach was applied.  
 
Figure 3. 3 1H NMR spectra of Chlorella sp. polar extracts after exposure to various 
metal treatments for 1 week. The water region at δ 4.68-4.88 was removed for clarity.239 
(Reproduced with permission by The Royal Society of Chemistry)  
 Principal component analysis (PCA), a pattern recognition method, is widely 
used in untargeted metabolomics to reduce hundreds of variables (chemical shifts) into 
several linearly uncorrelated principal components. PCA facilitates the user to interpret 
vast amount of data rapidly,243 and makes data mining less tedious and laborious. Based 
on the PCA scores plot, Chlorella sp. exposed to different metal conditions and 
durations have two unique discrimination patterns, which all separations took place in 
the first two principal components and accounted for 86.3% of the variance (Fig. 3.4A).  
 The first PCA discrimination pattern was influenced by Cu. Figure 3.4A showed 
that Cu-spiked Chlorella sp. (200Cu, CuCd, CuPb, All Metals) were separated from 
CTL sample class along the first principal component (PC1). Time dependent metabolic 
changes in the Cu-spiked classes were also observed. Cultures chronically exposed to 




Cu (1 week, 2 weeks) were skewered to far left of the PCA scores plot. Prolong Cd 
exposure influenced the second PCA discrimination pattern, as 1 week and 2 weeks 
exposure of Chlorella sp. to Cd systems (100Cd, CdPb) resulted in visible 
differentiation from CTL along principal component 2 (PC2).   
 
Figure 3. 4 PCA scores and loadings plot of Chlorella sp. exposed to different metal 
treatments over a period of 2 weeks. (A) PCA scores plot of Chlorella sp. exposed to 
various metals conditions (Black = CTL; Red = 200Cu; Blue = 100Cd; Green = 50Pb; 
Orange = CuCd; Violet = CuPb; Grey = CdPb; Brown = All Metals) over a period of 2 
weeks ( = 0h,  = 24h; ▲ = 1wk;  = 2wk). (B) PCA loadings plot revealing 
metabolites responsible for the discrimination pattern. CHO: Choline; EA: 
Ethanolamine; Gro-3-P: Sn-glycerol-3-phosphate; P-Cho: Phosphocholine. *Amino 
acids include glutamine, alanine, lysine and arginine.239 (Reproduced with permission 
by The Royal Society of Chemistry) 




 The two unique discrimination patterns suggest that Chlorella sp. had different 
metabolic responses toward Cu and Cd. Similar discrimination patterns of CTL and 
50Pb sample classes confirmed that the presence of 50 μM Pb(NO3)2 not only had no 
apparent impact on Chlorella sp. growth rate, but also did not induced significant 
metabolic alterations. Investigating the PCA loadings plot (Fig. 3.4B) revealed that 
carbohydrates, some dominant amino acids and organic osmolytes were responsible for 
influencing the discrimination patterns. The list of metabolites tentative assignments 
and their respective metabolic changes as a consequence of different metal 
combinations and exposure durations is summarized in Table 3.4.  
Two-way ANOVA of sucrose content in Chlorella sp. showed that changes in 
sucrose were significantly (p<0.001) influenced by both metal treatments, F(7, 124)= 
1469.23 and exposure durations, F(3,124)= 333.79. Glucose produced from 
photosynthesis in the presence of sunlight and oxygen commonly undergo glycolysis 
to produce ATP or stored as sucrose. Substantial decrease of sucrose concentration in 
Cu-spiked cultures as compared to CTL suggested that the presence of Cu either 
induced photosynthesis impairment which reduced the amount of glucose (not detected 
in this study), or increased glycolysis which utilized glucose to produce ATP and 
pyruvate. A comparison of sucrose content in Chlorella sp. exposed to single (200Cu), 
binary (CuCd, CuPb) and ternary (All Metals) metal systems revealed that sucrose was 
more drastically depleted in CuCd and All Metals as compared to 200Cu and CuPb. 
This suggested synergistic effect of Cu and Cd on sucrose depletion in Cu-spiked 
cultures.  




Table 3. 4 List of metabolites tentative assignments and their respective metabolic changes as a consequence of different metal 
combinations and exposure durations. Two-way ANOVA followed by post-hoc Tukey’s HSD was conducted to determine significant 
metabolic changes. Significant changes were labelled by asterisk with p<0.001 (*).Chemical shifts were compared with published 
references, 1) Clausen et al., 2012181, 2) Chauton et al., 2003183, 3) Liebeke and Bundy, 2013184, 4) Gupta et al., 2013185, 5) Zhang et 













(Acute and chronic 
exposure) 









Glutamate 2.13(m), 2.48(m) ↓* 2,3,5 
Lysine 1.73(m) ↓* 2 
Arginine 1.69(m), 1.91(m) ↓* 1,2 









Phosphocholine 3.20(s) ↓* 4 
Choline 3.19(s) ↓* 1,2,3,4,5 
Cd-spiked samples 
(Chronic exposure) 






Ethanolamine 3.37(d), 3.90(d) ↑* 3,5 
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Trace amount of Cu is essential for plant functions, especially for the 
photosynthetic apparatus such as plastocyanin of PSI and the light-harvesting complex 
of PSII.244  However, Cu concentrations exceeding the minimum inhibitory level would 
interfere with photosynthetic activity by inhibiting the electron transport system. Cu-
induced inhibition of photosynthesis efficiency and CO2 fixation
224, 245, 192, and 
reduction of Chl-a content224, 246 in freshwater microalgae have been reported. These 
studies are in agreement with our findings of lowered Chl-a and reduced sucrose content, 
which suggested that acute and chronic exposure of Chlorella sp. to single, binary and 
ternary Cu systems resulted in photosynthesis impairment. Taken together, the more 
severe Chlorella sp. growth retardation, lowered Chl-a content and reduced sucrose 
content in CuCd and All Metals systems as compared to 200Cu, CuPb, we inferred that 
Cu and Cd synergistically induced photosynthesis inhibition, growth inhibition and cell 
toxicity.  
Copper is also a redox-active heavy metal, which facilitates the production of 
reactive oxygen species (ROS) such as hydrogen peroxide (H2O2) via Haber–Weiss 
reaction in plant cells.247 The accumulation of ROS caused redox imbalance which 
could result in reactive oxidative stress. Excess ROS also drives non-enzymatic lipid 
peroxidation248,  resulting in permanent loss of membrane integrity, and damage of 
phospholipid bilayer structure, which ultimately affects plant growth and 
propagation.249 These biochemical responses are well documented in various plant 
species.199,250 Hence, substantial decrease of these metabolites not only suggest that 
lesser amount of glycerophospholipids were biosynthesized in Cu-spiked cultures, but 
also indicated oxidative stress. The reduced glycerophospholipids could compromise 
cell membrane integrity, leading to growth inhibition and cytotoxicity. Higher cell 
toxicity in Cu-spiked cultures was confirmed using the trypan blue exclusion assay, 
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where we observed gradual decreased in the number of viable cells subjected to prolong 
exposure to single, binary and ternary Cu mixtures (% cell viability All Metals, 0h = 95%; % 
cell viability All Metals, 2wk = 90%) The main effect of metal treatment on ethanolamine, 
Gro-3-P, P-Cho and Cho have F ratio of F(7,4) = 979.23, 1506.04, 107.44, 769, p<0.001 
respectively, and the main effect of exposure durations on these metabolites have F 
ratio of F(3,124) =93.00, 2609.38, 377.71 and 49.24, p<0.001 respectively.  
 Through viable cell counting, chlorophyll-a content determination and cell 
morphological characterization, we established basic understanding that Cu was more 
toxic to Chlorella sp. as compared to Cd. Furthermore, cell growth inhibition and 
cytotoxicity were synergistically induced by combined Cu and Cd systems. NMR-
based metabolomics further unravel the biochemical reactions behind synergistic Cu 
and Cd-induced cytotoxicity, which involved photosynthesis inhibition and decreased 
glycerophospholipid biosynthesis. Based on several metabolic pathways (e.g. sucrose 
biosynthesis, amino acids metabolism, glycerophospholipid biosynthesis), metabolic 
alternations in Chlorella sp. exposed to Cu (200Cu, CuCd, CuPb, All Metals) over a 
period of 2 weeks were illustrated in Figure 3.5A and B.  
Although no significant metabolic changes were observed in Chlorella sp. 
acutely exposed to Cd (100Cd, CdPb), prolong exposure of cultures to Cd resulted in 
the accumulation of betaine. The main effects of metal treatment and exposure duration 
on betaine have F ratio of F(7,124) = 2098.98 and F(3,124) = 329.48, p<0.001 
respectively. Betaine precursors, Cho and ethanolamine were also substantially 
increased. Betaine, an organic osmolyte, is commonly accumulated in plants subjected 
to abiotic stressors such as high temperatures251,252, drought253, and salinity254,255. It is 
involved in the regulation of water imbalance, by adjusting the cellular osmotic pressure. 
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Other known roles of betaine include protection of photosynthetic system and against 
membrane damage256,257, and detoxification of reactive oxygen species (ROS) 258. In 
metal-stress plants, the up-regulation of proline were documented259,260. Proline is an 
osmoprotectant, and have additional functions such as detoxification of ROS, and 
maintenance of membrane integrity. 261 Although proline was not detected by NMR 
spectroscopy, the accumulation of betaine and betaine precursors suggested that 
chronic Cd exposure disrupted water balance in plant cells, and the cultures regulated 
water stress by osmoregulation. Cd is capable of inducing adverse effects on microalgae 
such photosynthesis impairment, damage of cell membrane and accumulation of 
ROS.224 Accumulation of betaine in Cd-spiked Chlorella sp. (100Cd, CdPb) was likely 
a metal detoxification mechanism to alleviate these adverse effects, as supported by 
lower cell toxicity towards Cd as compared to Cu. 
 




Figure 3. 5 Proposed metabolic changes in Chlorella sp. exposed to Cu for a period of 
2 weeks. (A) Photosynthesis impairment arise from Cu-induced stress affected 
carbohydrate metabolism and amino acid biosynthesis. (B) Cu-induced oxidative stress 
affects phospholipids biosynthesis. Key metabolic pathways are highlighted in orange, 
and key metabolites that decrease significantly (p<0.001) upon exposure to Cu are 
highlighted in red. #Absence of metabolites in Chlorella sp. 
  Additionally, we observed gradual increment of sucrose concentration in 
Chlorella sp. chronically spiked with Cd. Like Cu, Cd also has adverse impact on plant 
photosynthesis, hence the accumulation of sucrose was likely correlated to reduce 
carbohydrate metabolism rather than increase carbohydrate synthesis.262  Apart from its 
involvement in carbon metabolism, sucrose act as an organic osmolyte. Thus, the 
metabolic perturbations revealed that prolong exposure to Cd could induce osmotic 
stress. An interesting observation from the PCA scores plot was that the 2 weeks CTL 
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and 50Pb sample classes clustered tightly with cultures chronically exposed to Cd 
(100Cd 1 week, 2 weeks, CdPb 1 week, 2 weeks) (Fig.3.4). Investigation of the metabolic changes 
(betaine, ethanolamine, Cho) suggested that CTL and 50Pb was not osmotically 
stressed, but rather tend to accumulate sucrose over time (Fig. 3.6). Although NMR-
based metabolomics could not explain the metabolic changes of sucrose in CTL and 
50Pb, subsequent analysis of Chlorella sp. elemental composition might shed light on 
the metabolic trend.   
Figure 3. 6 Accumulation of naturally occurring osmolytes in Chlorella sp. after 
prolong Cd exposure. Key metabolic pathways are highlighted in orange, and key 
metabolites that increase significantly (p<0.001) over time are highlighted in green. 
 3.3.3 Effect of Metal Combinations and Exposure Durations on Chlorella 
sp. Elemental Content 
Changes in essential nutrient levels influenced by metal treatments and exposure 
durations were shown in Table 3.5. Mg, Mn and Zn were significantly increased in 
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cultures spiked with Cu or Cd (200Cu, 100Cd, CuCd, CuPb, CdPb & All Metals). 
Substantial increment of Co and Na were also observed, but unlike Mg, Mn and Zn, 
these increments were solely influenced by chronic Cu-spiked Chlorella sp. (200Cu, 
CuCd, CuPb & All Metals 1 wk, 2 wks). K was the only nutrient significantly depleting 
over time, and K depletion was more drastic in the presence of Cu (Amount of K in 
200Cu after 2 weeks = 0.48) than Cd (Amount of K in 100Cd after 2 weeks = 0.78). In 
fact, the rate of K depletion in All Metals culture was primarily influenced by Cu as 
200Cu and All Metals had similar K content. Through enhancement of photoreduction 
in the chloroplast via the Mehler reaction, studies have shown that low K content 
indirectly induced by ROS production.263 Increased antioxidant activities to scavenge 
for excess ROS supported that K deficiency could lead to oxidative stress.264,265,266  
Recently, Liu and co-workers266 revealed that K deficient rice seedings were 
capable of regulating Cd-induced oxidative stress, as evident by the reduced amount of 
H2O2, MDA and antioxidants present in K-deficient leaves. Based on Liu's work, we 
hypothesize that the depletion of K in Cu and Cd-spiked cultures were consequences of 
oxidative stress, which acted as a feedback mechanism to increase antioxidant activities 
for more efficient ROS scavenging. More drastic depletion of K in Chlorella sp. 
exposed to Cu as compared to Cd, suggested that microalgae experienced more 
oxidative stress in the presence of Cu, which coincided with our metabolomics study.  
Superoxide dismutases (SOD) is a class of antioxidative enzymes responsible 
for catalyzing the dismutation of superoxide (O2−) radical into oxygen. SOD exist in 
different forms depending on the metal cofactor (e.g. Cu/Zn-SOD, Mn-SOD and Fe-
SOD).267,268 The significant accumulation of Mn, Fe and Zn in Cu and Cd-spiked algal 
biomass, possibly utilized by SOD, indirectly indicated an up-regulation of  
antioxidative activities to combat oxidative stress. Comparing Mn, Fe and Zn content 
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across all Cu and Cd-spiked biomass revealed that gradual uptake of these metals over 
time was influenced by Cu and there was no interaction between Cu and Cd in Mn, Fe 
and Zn uptake.  
Co uptake was solely observed in Cu-spiked cultures, hence Co was not 
involved in the mitigation of oxidative stress. As metals are often simultaneously uptake 
(co-accumulated) by the plants, for example Co and Cu, Zn and Pb, and Zn and Ni269, 
the positive correlation of Cu and Co accumulation in our Cu-spiked Chlorella sp. was 
likely caused by metal co-accumulation. A comparison of Co content in various Cu-
spiked cultures also indicated that Cd had antagonistic effect on Co-Cu co-
accumulation (M200Cu, 2 wks = 155.46, MCuCd, 2 wks = 140.66). However, the mechanism 
behind why plants co-accumulate selective metal pairs has yet to be explained.269  
In contrast, Mg, Mn, Fe and Zn were substantially decreased in CTL and 50Pb 
over time (Table 3.5). The similar metabolomic and metallomic changes in CTL and 
50Pb further confirmed that the addition of 50 μM Pb(NO3)2 to Chlorella sp. at early 
exponential phase did not induce any adverse effects. Zn is an essential micronutrient 
responsible for the modulation of enzymes involved in DNA transcription, nucleic acid, 
carbohydrate, protein and lipid metabolism. As most enzymes involved in glycolysis 
are Zn dependent, Zn-deficiency would likely impact the conversion of glucose to 
pyruvate, thus result in the accumulation of glucose. Substantial increment of starch 
and soluble sugars in Zn-deficient beans270 and rice271 shoots, confirmed that Zn-
deficient had adverse impact on carbohydrate metabolism. Thus, increased sucrose 
content in CTL and 50Pb (2 wks) observed in our metabolomics study was likely 
influence by Zn-deficiency, which disrupted carbohydrate metabolism.  
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Table 3. 5 Changes in nutrient in metal-treated Chlorella sp. biomass. Two-way 
ANOVA followed by post-hoc Tukey’s HSD was conducted to determine significant 
changes relative to CTL, 0h. Conditions which influenced significant (p<0.001) 
accumulation and depletion of elements were labelled † and ‡ in green and red colour 
respectively 
 Na Mg K Mn  Fe Co Zn 
CTL 
0h 1 1 1 1 1 1 1 
24h 1.23 1.12†  1.05 1.13†  1.06 1.27 1.55†  
1wk 1.06 0.82‡  0.99 0.60‡  0.52‡  0.9 0.69‡  
2wk 1.01 0.61‡  1.04 0.29‡  0.34‡  0.47 0.47‡  
200Cu 
0h 1.14 1.05†  0.87‡  1.43†  1 16.71 15.27†  
24h 1.39 1.25†  0.72‡  1.91†  1.01 45.91 20.62†  
1wk 1.36 1.02†  0.45‡  2.19†  1.09 174.65†  44.52†  
2wk 1.38†  0.97‡ 0.48‡  2.26†  1.17 155.46†  42.31†  
100Cd 
0h 1.06 1.21†  1.02 1.22†  0.89 1.38 7.29†  
24h 1.05 1.28†  1.05 1.72†  1.04 2.47 12.97†  
1wk 1.05 0.93‡  0.83‡  1.63†  0.71 14.44 14.74†  
2wk 1.24 0.95‡  0.78‡  1.88†  0.79 81.84 14.91†  
50Pb 
0h 1.08 1.27†  1.06 1.14†  1.12 1.77 2.03 
24h 1.01 1.23†  1.08 1.04†  0.95 1.74 2.25†  
1wk 0.99 0.96‡  1.03 0.71‡  0.60‡  1.9 1.30†  
2wk 0.98 0.62‡  1.01 0.37‡  0.37‡  0.76 0.53‡  
CuCd 
0h 1.15 1.12†  0.91‡  1.51†  0.89 15.28 12.63†  
24h 1.44 1.39†  0.73‡  1.89†  1.1 49.32 17.15†  
1wk 1.29 1.07†  0.47‡  2.27†  1.26 133.71†  39.31†  
2wk 1.31†  1.04†  0.46‡  2.44†  1.15 140.66†  43.04†  
CuPb 
0h 1.21 1.11†  0.90‡  1.38†  0.91 17.79 12.75†  
24h 1.3 1.25†  0.72‡  1.87†  1.06 41.49 20.13†  
1wk 1.45 1.13†  0.52‡  2.29†  1.38 152.01†  40.31†  
2wk 1.39†  1.09†  0.50‡  2.40†  1.12 151.17†  43.80†  
CdPb 
0h 1.11 1.16†  1.01 1.21†  0.94 3.92 7.37†  
24h 1.12 1.27†  1.08 2.06†  1.1 5.84 16.90†  
1wk 1.05 0.88‡  0.80‡  1.56†  0.67 11.22 13.90†  
2wk 1.31 0.87‡  0.73‡  1.95†  0.7 56.37 14.85†  
All Metals 
0h 1.08 0.94‡  0.85‡  1.44†  0.92 22.77 14.86†  
24h 1.15 1.00†  0.76‡  1.72†  0.86 49.7 21.32†  
1wk 1.55 1.02†  0.49‡  2.46†  1.36 123.46†  44.28†  
2wk 1.42†  0.91‡  0.47‡  2.54†  1.15 121.92†  46.39†  
Two-way ANOVA  F ratio                
Metal treatments   F(7,128)  16.42 33.28 641.62 322.89 6.72 61.21 799.99 
Exposure durations  F(3,128)  8.72 181.75 733.64 107.26 2.38 102.16 628.74 
 3.3.4 Synergistic Effects of Cu on the Bioconcentration of Pb and Cd in 
Chlorella sp.  
Heavy metal (Cu, Cd, Pb) uptake capacity and bioconcentration factor (BCF) in 
Chlorella sp. treated with single, binary and ternary metal systems were summarized in 
Table 3.6. In general, the trend observed for metal uptake capacity was in line with the 
metal BCF, indicating that metals removed from the algal growth medium were uptake 
and accumulated by Chlorella sp. The limit of quantification (LOQ) for Cu, Cd and Pb 
were 11.98 μg/L, 4.98 μg/L and 3.90 μg/L respectively. A comparison of Cu uptake 
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capacity across all metal systems over time showed that Cu gradually accumulated in 
algal biomass, but the uptake was not influenced by Cd or Pb. In contrast, the significant 
increment in Cd uptake capacity over time, with % Cd uptake in 100Cd, CuCd and All 
metals after 2 weeks are 36.51%, 88.28% and 89.24% respectively, showed that the 
presence of Cu facilitated Cd uptake in Chlorella sp. biomass. Cd BCF further 
confirmed that Cu influenced Cd accumulation. Similarly, bioconcentration of Pb by 
algal biomass was greatly influenced by Cu and Cd. The Pb BCF after 2 weeks exposure 
revealed that Cu had greater impact on Pb uptake than Cd. 
Table 3. 6 Percentage metal uptake capacity and metal bioconcentration factor in metal-
treated Chlorella sp. biomass.  
    Metal Uptake Capacity (%)  Metal Bioconcentration Factor (Kg/L)  
 
 
Cu  Cd  Pb  Cu  Cd  Pb   
CTL 
0h -  -  -  -  -  -  
24h -  -  -  -  -  -  
1wk -  -  -  -  -  -  
2wk -  -  -  -  -  -  
200Cu 
0h 68.85 -  -  3.52 -  -  
24h 62.57‡  -  -  1.28 -  -  
1wk 62.22‡  -  -  3.74 -  -  
2wk 61.25 -  -  3.8 -  -  
100Cd 
0h -  68.09 -  -  2.56 -  
24h -  54.40‡  -  -  1.25‡  -  
1wk -  38.55‡  -  -  0.82‡  -  
2wk -  36.51‡  -  -  0.90‡  -  
50Pb 
0h -  -  90.76‡  -  -  8.26 
24h -  -  90.38‡  -  -  6.97‡  
1wk -  -  84.63‡  -  -  2.62‡  
2wk -  -  83.22 -  -  1.34‡  
CuCd 
0h 78.65‡  73.72 -  3.2 2.14 -  
24h 69.90‡  85.58†  -  1.54 3.71†  -  
1wk 63.55‡  88.02†  -  3.5 14.87†  -  
2wk 63.12 88.28†  -  4 17.16†  -  
CuPb 
0h 68.09 -  95.20†  2.82 -  28.32 
24h 65.38 -  96.23†  1.65 -  24.86†  
1wk 60.99 -  98.11†  3.47 -  113.05†  
2wk 60.07 -  98.91 3.65 -  220.07†  
CdPb 
0h -  60.13 97.39†  -  2.3 64.78 
24h -  56.78‡  97.44†  -  1.54‡  62.45†  
1wk -  44.18‡  97.92†  -  0.89‡  60.57†  
2wk -  42.36‡  98.78 -  0.88‡  122.07†  
All Metals 
0h 78.71‡  74.89 96.78†  3.39†  2.82 40.16 
24h 73.60‡  82.16†  97.57†  2.70†  4.71†  57.82†  
1wk 65.17‡ 89.24†  98.52†  4.70†  19.31†  159.67†  
2wk 65.38 89.04†  99.02 5.09†  20.01†  256.11†  
Two-way ANOVA  F ratio              
Metal treatments   F(3,64)  788.29 21549.2 21247.5 194.76 2091.12 1580.74 
Exposure Durations  F(3,64)  1632.62 476.78 50.91 897.54 1091.13 1652.14 
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 Microalgae remove heavy metals through two major mechanisms,272 1) rapid, 
passive adsorption of free metals ions onto the cell wall, 2) metabolism dependent 
uptake of free metals ions across cell membrane, followed by complexation with thiol 
peptides (phytochelatins or metallothioneins) in the cytoplasm and translocation into 
vacuoles. However, the metal uptake mechanism and accumulation capacity vary with 
metal types and algal species.272 Fixed-bed-flow-through column widely used to 
determine metal ion binding affinity demonstrated that macroalgae (Gelidium 
sesquipedale) favored the biosorption of Pb as compared to Cd.273 The binding affinity 
of Cu for Ca-treated Sargassum ﬂuitans biosorbent was higher as compared to Cd,  Zn, 
Co, Mn but lower than Pb.274 These studies showed that binding groups on the algal 
cell wall favored interactions with metals in the trend of Pb> Cu> Cd, which is in 
agreement with the metal BCF at 0h, with BCF of 50Pb, 200Cu and 100Cd at 8.26, 3.52 
and 2.56 respectively. The initial metal uptake trend led us to hypothesize that 
accumulation of all metals at 0h were via the first metal removal mechanism (passive 
adsorption).  
 Once adsorbed onto the cell wall, metal ions with high binding affinity remain 
bound to the cell wall. On the other hand, metal ions with weaker interactions were 
either transported into the cytoplasm or discharged back into the algal growth medium. 
Overall decrease of Pb and Cd BCF over time in single metal systems (50Pb, 100Cd), 
suggested either weak binding affinity of Pb and Cd for algal cell wall or saturation of 
active binding groups on the algal cell wall. High Pb uptake capacity (~90%) supported 
the latter opinion. As the presence of Cu facilitated uptake and bioaccumulation of Cd 
and Pb in Chlorella sp., we proceed to analyze the thiol peptides content, in particular 
phytochelatins, to unravel the underlying Cu-facilitated metal uptake mechanisms. 
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 3.3.5 Thiol Peptides Content Revealed Metal-Specific Uptake Mechanisms 
in Chlorella sp.  
The effect of metal treatments and exposure durations on reduced glutatione/ oxidized 
glutathione (GSH/GSSG) ratio were determined to be significant using two-way 
ANOVA, , F(7, 119) = 182.32 and F(3, 119) = 186.48, p<0.001. The LOQ for GSH and 
GSSG were 57.26 μg/L and 32.45 μg/L respectively. GSH contribute significantly to 
abiotic stress regulation in plants, by reducing H2O2 into water through the glutathione-
ascorbate cycle.275 During the process of H2O2 reduction, GSH is simultaneously 
oxidized into GSSG. Thus, GSH/GSSG ratio could accurately reflect cell physiology, 
and is widely used as an indicator of cellular health. Generally, lower GSH/GSSG ratio 
correspond to increasing oxidative stress.276  Based on Figure 3.7A, decreasing 
GSH/GSSG ratio in any Cu-spiked cultures (200Cu, CuCd, CuPb, All Metals) 
demonstrated that Cu induced more oxidative stress in Chlorella sp. than Cd or Pb. This 
trend is in agreement with our metabolomic and metallomic studies. In contrast, 
exponential increased of GSH/GSSG ratio in Cd exposed cultures (100Cd, CdPb) over 
time strongly suggested that Chlorella sp. was capable of regulating Cd-induced 
oxidative stress.  
 GSH also functions as phytochelatins (PCs) precursor. PCs could complex with 
intracellular free metal ions through the interaction between metal ions and peptides' 
thiol groups. Heavy metal-PC complexation reduced the bioavailability of these metal 
ions, which would otherwise induce abiotic stress to the organism. Hence, the 
accumulation of PCs in Chlorella sp. not only represented metals accumulation in cell 
cytoplasm, but also shed light on the metal uptake mechanism. The effect of metal 
treatments and exposure durations on phytochelatin 2 (PC2), F(7,123) = 480.45 and 
F(3,123) = 611.23, phytochelatin 3 (PC3), F(7,125) = 587.82 and F(3,125) =  




Figure 3. 7 Mean thiol contents in Chlorella sp. after exposed to different metal 
combinations at various time points.  (A) GSH/GSSG ratio, (B) PC2, (C) PC3, (D) PC4. 
* PC4 contents are below LOD in all cultures expect 100Cd and CdPb at 1wk and 2wk 
respectively.239 (Reproduced with permission by The Royal Society of Chemistry) 
479.96 and phytochelatin 4 (PC4), F(7,127) = 966.19 and F(3,127) = 843.91 were 
significant (p<0.001). The LOQ for PC2, PC3, PC4 were 39.37 μg/L, 37.50 μg/L, 
145.25 μg/L respectively. Among all metal treatments, Cd exposure (100Cd and CdPb) 
had greatest impact on PCs production (Fig. 3.7B to D). Periodic accumulation of PCs 
in the presence of Cd was consistent with findings from Grill and coworkers213. It was 
documented that the activation of phytochelatin synthase, an important enzyme which 
catalyzed the biosynthesis of PCs, was metal-specific with Cd being the most potent 
activator. Thus the Cd uptake mechanism in Chlorella sp. involved initial biosorption 
to the cell wall, and subsequent complexation with PCs. 
Contrastingly, the amount of PC2 and PC3 in Cu-spiked cultures (200Cu, 
CuCd, CuPb, All Metals) were decreasing over time. The PCs content indicated that 
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Cu-facilitated Cd and Pb uptake was via adsorption rather than PC-metal chelation. As 
discussed previously that the active groups on algal cell wall were crucial for 
biosorption of heavy metals, we hypothesized that prolong exposure of Cu could have 
modified the chemical composition of Chlorella sp. cell wall, which in turn altered the 
binding affinity for Cd and Pb. Although metal-induced algal cell wall modifications 
were not reported, some studies documented changes in glucose and nutrient levels 
during algal growth.277 Such changes could modify the cell wall composition, which in 
turn alter the metal binding affinities.  
From our microscopic study, we observed cell aggregation in Chlorella sp. after 
chronic exposure to single, binary and ternary metal systems. Additionally, cell 
aggregation was more extensive in Cu and Cd-spiked cultures (Fig. 3.2, Appendix II). 
This led us to hypothesize the involvement of extracellular polymeric substances (EPS) 
in Cu-facilitated biosorption of Cd and Pb. Microorganisms (bacteria, algae, fungi) use 
quorum sensing to coordinate cell aggregation to survive under harsh growth conditions. 
EPS play an essential role in microbial aggregation, and act as a barrier to prevent the 
uptake of foreign contaminants. Although not as extensively reported as bacterial EPS 
(biofilm), microalgae also have the capability to form EPS in response to abiotic stress 
such as salinity278, 279 and nutrient depletion279. Moreover, strong binding affinity 
between EPS and heavy metals, and its involvement in biosorption of metals in various 
microorganisms had been reported.280, 281  EPS is a complex mixture of biopolymers 
consisting primarily of polysaccharides and proteins. Hence, the extracellular EPS yield 
was represented by the sum of total carbohydrates and proteins content in Chlorella sp.  




Figure 3. 8 Extracellular polymeric substances (EPS) yield in Chlorella sp. upon 
exposure to various heavy metal combinations over a period of 2 weeks. (A) 
Comparison of EPS yield between singly spiked metal mixtures; (B) Comparison of 
EPS yield among binary and ternary metal mixtures. *Significant changes in EPS yield 
as determined by 2-way ANOVA, followed by post hoc Tukey's test.239 (Reproduced 
with permission by The Royal Society of Chemistry) 
 Two-way ANOVA showed that EPS content in Chorella sp. was highly 
significant (p<0.001) to metal treatment, F(7, 64)= 541.09 and exposure duration, 
F(3,64)= 905.00. With reference to Figure 3.8, there was substantial increment of 
extracellular EPS yielded from Cu-spiked Chlorella sp. Cultures subjected to binary or 
ternary Cu systems (CuCd, CuPb, All Metals) produced more EPS over the period of 2 
weeks. The EPS yield confirmed that heavy metals were able to induce EPS production, 
and in agreement with our metabolomics and metallomics studies, Cu-containing 
mixtures induced more stress on Chlorella sp. as compared to 50Pb, 100Cd and CdPb. 
The continuous accumulation of extracellular EPS yield, especially in CuCd, CuPb, All 
Metals cultures, further confirmed the involvement of EPS in Cu-facilitated Cd and Pb 
bioconcentration. As EPS also consist of lipids, nucleic acids and humic substances, 
total carbohydrates and proteins determination in this study might not have completely 
represented the extracellular EPS yield. Thus, comprehensive EPS characterization 
using Fourier-transformed infrared spectroscopy and nuclear magnetic resonance 
spectroscopy are essential to understand the binding interactions between EPS and 
heavy metals in detail. 




In this study, we have demonstrated the potential use of metallomics and NMR-
based metabolomics to investigate the effects of Chlorella sp. in multi-metal systems. 
The two analytical techniques complement with each other, with biochemical changes 
explained by metabolome analysis, and metal-influenced nutrients flux illustrated using 
metallomics. We revealed that Cu and Cd synergistically induced Chlorella sp. toxicity, 
photosynthesis inhibition and oxidative stress. As our metabolomics findings suggested 
photosynthesis impairment and compromisation of membrane integrity, we inferred 
that adverse effects of Cu on algal photosynthetic system and glycerphospholipid 
biosynthesis were consequences of oxidative stress. Our elemental analysis data was in 
agreement that Cu had were more potent in inducing oxidative stress, which was again 
confirmed using GSH/GSSG ratio. Higher GSH/GSSG ratio in Cd-spiked cultures over 
a period of 2 weeks suggested that Chlorella sp. was capable of alleviating Cd-induced 
oxidative stress. However, the presence of Cd could induced osmotic stress.  
Through determination of metal uptake capacity, metal bioconcentration factor 
and EPS yield, we unravel Cu-facilitated Cd and Pb bioaccumulation in Chlorella sp. 
The suggested mechanism for Cd and Pb bioconcentration in the presence of Cu was 
possibly via adsorption onto extracellular polymeric substances (EPS), which 
encapsulated metal-stressed Chlorella sp.. However, further work is required to 
understand the binding interactions between EPS and heavy metals. More experiments 
with the same molar concentration of metal solutions (e.g. 200 μM Cu2+ compared to 
200 μM Cd2+ and 200 μM Cu2+) is also required to affirm that Cu induced greater toxic 
effects in metal mixtures as compared to Cd and Pb.    
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Chapter 4. Elucidation of Cyanotoxin Biological Functions in Light-
stressed Microcystis sp. using NMR and MS-based Metabolomics 
4.1 Introduction 
Harmful cyanobacterial blooms, the rapid accumulation of blue-green algae in water 
bodies, have escalated to become a global issue over the years as a consequence of 
increased nutrient loading from human activities. While cyanobacterial blooms mostly 
occur during the summer months in temperate regions, tropical countries might 
experience constant occurrence of blooms throughout the year. Due to the combined 
effect of high temperature, light and nutrient loading282 Microcystis sp. are by far the 
most ubiquitous toxic cyanobacteria in eutrophic freshwaters142. While the dominance 
of Microcystis in water bodies may be aesthetically unpleasant, the capability of 
Microcystis to produce cyanotoxin microcystins (MCs) posed greater adverse impact 
on water quality and safety as well as on the biodiversity in aquatic ecosystems.141  
 MCs are synthesized nonribosomally by a multi-functional protein complex 
containing non-ribosomal peptide synthetase (NRPS) and polyketide synthase (PKS) 
domains.283, 284 The microcystin (mcy) gene cluster encoding the multi-functional 
protein complex in Microcystis aeruginosa PCC7806 was first sequenced and 
characterized by Tillett and co-workers.285 The mcy gene cluster spans 55 kb and 
comprised 10 genes arranged in two divergently transcribed operons, namely mcyA–C 
and mcyD–J. Microcystis strains isolated from the same cyanobacteria bloom could 
constitute both MC producers and non-producers.282, 286, 287 Although toxic and non-
toxic Microcystis cells are morphologically similar, the mcy gene clusters are solely 
detected in toxic strains. Thus, molecular techniques such as polymerase chain reaction 
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(PCR) and quantitative real-time PCR (qPCR) with primers targeting these genes are 
commonly used to discriminate toxigenic and non-toxigenic Microcystis strains.288  
 To date, over 90 variants of MCs have been reported. These variants share a 
general structure of D-Ala1 –X2 –D-MeAsp3 –Z4 –Adda5 -D-Glu6 –Mdha7, with 
variable amino acids at position 2 and 4.289 MCs are hepatotoxins, which could cause 
liver cell damage such as lipid peroxidation143, apoptosis,144 and intrahepatic bleeding 
145.  At the molecular level, MCs act as protein phosphatase (PP) inhibitors, where the 
(2S,3S,8S,9S,4E,6E)-3-amino-9-methoxy-2,6,8-trimethyl-10-phenyl-4,6-decadienoic 
acid (Adda) moiety of MCs binds to the active site of PP.290 PP inhibition as a 
consequence of MCs exposure results in hyperphosphorylation, which could increase 
cancer risk.141 In addition, MCs are capable of inducing oxidative stress damages291, 
through the accumulation of reactive oxygen species (ROS)292, 293, and disruption of the 
pro-oxidant/ antioxidant balance294, 295.  
 Although MCs toxicity mechanism has been established across a wide range of 
aquatic and terrestrial organisms, there are still ongoing debate on the putative functions 
of MCs in cyanobacteria themselves. This is because many studies have conflicting 
findings, possibly attributed to the different conditions and strains used in the respective 
studies. A consolidation of previous works suggested that MCs are likely involved in 
cyanobacterial growth and adaption under various environmental stresses 
(macro/micro-nutrients, temperature, salinity, light)296-298. Generally, MCs production 
have positive correlations with high light exposure (>60 μmol photons/ m2.s), high N:P 
ratio, and limited trace metal supply.299-302 However, these observations can be of the 
indirect effects of environmental conditions on cyanobacterial growth rate. Furthermore, 
the hypothesis of cyanotoxin involvement in adaption to environmental stresses is 
largely disputed by the co-existence of non-toxic strains in water bodies.282 
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The availability of M. aeruginosa genome data (PCC7806 and NIES843)303, 304 opened 
the possibility to use 'omics' technologies (such as genomics, transcriptomics, 
proteomics and metabolomics) to gain detailed understanding of MCs biological 
functions in cyanobacteria. A comparison of the proteome of toxic M. aeruginosa 
(PCC7806) and its MC-deficient (mcyB-) mutant using two-dimensional protein 
electrophoresis revealed that MrpA, a protein similar to the RhiA protein 
from Rhizobium leguminosarum responsible for quorum sensing, was solely present in 
PC7806 wild-type.305 This suggested that MCs may have functioned as extracellular 
info-chemicals involved in quorum sensing. The MCs released into water bodies caused 
by cell lysis, may act as signals to remaining cells that there is a decrease in Microcystis 
population, leading to the stimulation of Microcystis growth and MCs production.297 
However, the absence of MrpA protein in the genome of M. aeruginosa NIES843, 
suggest that the expression of this protein was strain-specific rather than unique to all 
Microcystis strains.  
 In 2011, Zilliges and co-workers306 pioneered the use of mass spectrometry 
(MS)-based proteomics to elucidate the biological function of MCs by comparing wild 
type M. aeruginosa PCC 7806 with its MC-deficient mutant. Unlike two-dimensional 
protein electrophoresis, the team found a large number of differentially expressed 
proteins between the wild type and mutant strains. As the proteins were related to 
photosynthesis, in particular the Calvin-Benson cycle, and redox-dependent processes, 
MCs may functioned as protein-modulating secondary metabolites which protected the 
cells against oxidative stress. Another comparative proteomic study of 6 toxic and non-
toxic Microcystis strains307 showed that ~50% of the significantly differentiated 
proteins between the two phenotypes were regulated by the global nitrogen regulator 
(NtcA), responsible for the transcription processes related to photosynthesis, carbon 
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metabolism and nitrogen assimilation.308 This suggested the involvement of MC in 
processes which ultimately influence the photosynthesis and carbon/ nitrogen 
metabolism. The up-regulation of thioredoxin M (TrxM) and hypothetical protein 
(MAE 06820) also agreed with Zilliges and co-workers306 that MC was possibly 
involved in the maintenance of redox balance. 
 Although comparative proteomics have lend valuable insights into the global 
role of MCs at the molecular level, the technique was limited by the relative scarcity of 
sequenced genomes and well-annotated protein database. 22, 5 In other words, proteomic 
research of other Microcystis spp. is currently unachievable due to the absence of 
sequenced genome. Metabolomics, the identification and quantification of small-
molecule metabolites (including chemical unknowns) present in any cells or organisms, 
could provide a direct functional readout of the organisms' physiological state.4 This 
'omics' technique could overcome the limitations of proteomics. At present, nuclear 
magnetic resonance spectroscopy (NMR) and tandem mass spectrometry coupled to 
different separation techniques, such as liquid or gas chromatography (LC-MS/MS, 
GC-MS/MS), are major tools used to analyse the vase amount of metabolites 
simultaneously.17 With a huge diversity in chemical structures, polarities and 
concentration abundance range, no single analytical tool is capable to analyse the entire 
organism metabolome. Hence, complementary analytical approaches (e.g. LC-MS/MS 
and NMR) should be employed to identify as many primary and secondary metabolites 
as possible.  
 A recent GC-MS-based metabolomic analysis of M. aeruginosa PCC7806 (WT), 
its MC-deficient ΔmcyB mutant and Synechocystis PCC6803 under high light exposure, 
observed higher photosynthesis rates in Microcystis strains as compared to 
Synechocystis.309 The accumulation of organic osmolytes (sucrose, trehalose) in ΔmcyB 
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mutant, suggested that MC was one of the factors influencing high pH tolerance in WT 
PCC7806. Furthermore, the accumulation of glycolate content in WT PCC7806 after 3 
hours of high light exposure suggested that photorespiration may be attributed to the 
stabilization effect of MC on RubisCO.306 Due to the high plasticity of Microcystis 
genome303, 310, and high proteome diversity within toxic and non-toxic strains307, the 
use of single model strain to elucidate the biological functions of MCs and their effects 
on cyanobacteria metabolism is fairly biased.   
 In this chapter, the metabolome of eight Microcystis strains (reference strains 
PCC7806 and NIVA-CYA43; local strains B, C, E, K1, P1D and P1E isolated from 
Singapore reservoirs under high light irradiance were determined using complementary 
analytical tools of LC-MS/MS and NMR. Two factors attributed to the use of high light 
intensities for this comparative metabolomic study of toxic and non-toxic Microcystis 
strains: 1) Singapore has an average of 50% sunny daylight hours, averaging to 
approximately 11 000 lux (150 μmol photons/ m2.s) daylight intensity per day as 
determined from the water surface.  Prolong exposure to strong light intensities could 
cause irreversible photoinhibition to oxygen evolving photosynthetic organisms, such 
as cyanobacteria.311. To compensate for the natural high light irradiance, Microcystis 
strains were cultivated to early stationary phase using relatively high light intensities 
(60 μmol photons/ m2.s) with longer daylight photoperiods (18h/6h light/dark), 2) 
Higher fitness of toxic strains under environmental stress (low iron, high light)296, 306. 
Ultimately, we aim to utilize comparative metabolomics to expand and confirm the 
putative metabolic roles of MCs in various toxic and non-toxic Microcystis strains. 
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4.2 Materials and Methods  
 4.2.1 Chemicals  
Microcystis growth medium was prepared with deionized water, and all extraction 
solvents, reconstitution buffers and mobile phases were prepared using ultrapure water 
(Smart2Pure, Thermo Scientific TKA). Analytical grade methanol and acetonitrile, 
reagent grade sulphuric acid were purchased from Thermo Fisher Scientific (Waltham, 
MA, USA). Deuterium oxide (D2O) was purchased from Cambridge Isotope 
Laboratories (Andover, MA, USA). All other chemicals such as 4,4-dimethyl-4-
silapentane-1-sulfonic acid (DSS), formic acid (FA), ammonium acetate and phenol 
were purchased from Sigma-Aldrich (St. Louis, MO, USA). Phosphate buffer (0.1 M, 
pH 7.4) consist 10% D2O and 0.5 mM DSS.  
 4.2.2 Microcystis Strains Cultivation 
A set of 56 Microcystis sp.(8 strains x 7 biological replicates) were cultivated under 
controlled conditions (24 °C, photoperiod of 18h day/ 6h night) in Bold's basal 
medium176, 177 with constant external aeration (Table 4.1). The light intensity used in 
the study was kept at 60 μmol photons/ m2.s. The optical density of cultures were 
monitored using UV-vis spectrophotometer (UV1800, Shimadzu), and Marienfeld 
counting chamber (0.0025 mm2 grid, 0.1 mm depth) was used to determine the total 
cell number. Upon cultivation to the early stationary phase, the cells were harvested by 
gentle centrifugation (5000 g, 10 min, 4 ⁰C), followed by immediate snap-freeze in 
liquid nitrogen to quench all cellular metabolism and lyophilized overnight. Dried algal 
biomass were stored in -80⁰C until further processing.   
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Table 4. 1 Model strains and isolates from local water bodies used in this study. Total 
microcystin (mcy) content in toxic strains were determined using ELISA. Non-toxic 
strains with negligible mcy content were labelled as not detected (ND) 
Strain  Source  Toxicity  
Mcy Content 
(x10-9 μg/cell)  
PCC7806  Australian National Algae Culture Collection   +  29.41 
NIVA-CYA43   Australian National Algae Culture Collection   -  ND  
Strain  Isolate Location  Toxicity  
Mcy Content 
(x10-9 μg/cell)  
B  Kranji Reservoir, Singapore  +  1.18 
C  Kranji Reservoir, Singapore  +  1.01 
E  Kranji Reservoir, Singapore  +  27.94 
K1  Kranji Reservoir, Singapore  -  ND  
P1D  Pandan Reservoir, Singapore  -  ND  
P1E  Pandan Reservoir, Singapore  -  ND  
 4.2.3 Chlorophyll-a, Dissolved Oxygen, Total Carbohydrate and Total 
Microcystin (MCs) Determination  
Slightly modified ISO10260:1992 was used to determine chlorophyll-a concentration 
in Microcystis strains. The protocol is described in our previous study239 (Chapter 3, 
Section 3.2.3). Total carbohydrates content were determined using phenol-sulphuric 
acid method, with glucose as the calibration standard.312, 313 Dissolved oxygen 
concentrations in the cultures were measured using HACH LDO101 optical dissolved 
oxygen probe (HACH, CO, USA). Prior to total MCs concentrations determination, the 
cultures were sonicated (30 min) to facilitate the release of cell-bound MCs. A 96-well 
ELISA kit (Abraxis LLC) was utilized for MCs quantification.  
 4.2.4 NMR Sample Preparation, Measurement and Data Processing  
The metabolite extraction and sample analysis method for NMR-based metabolomics 
was adapted from our previous work.189 The pre-concentrated metabolite extracts were 
reconstituted in phosphate buffer. Quality control (QC) samples were prepared by 
pooling an equal fraction of each sample biomass together, and subdividing them into 
individual samples (7 QC samples). Each QC sample followed the same sample 
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preparation procedure. Samples and QCs were analysed randomly on 600 MHz NMR 
spectrometer using oneNMR probe (Agilent Technologies, CA, USA). For each sample, 
128 scans of 16384 data points in the frequency domain were recorded using 
Presaturation (relaxation delay of 2.0 s), followed by Carr-Purcell-Meiboom-Gill 
(CPMG).  
 The FIDs were Fourier-transformed, phased and baseline corrected using 
Chenomx NMR suite 8.0 (Chenomx Inc., AB, Canada). To account for strain-
dependent metabolome variation, the integrated NMR spectra were normalized against 
total spectrum area. Subsequently, the data were reduced into spectra bins (0.04 ppm 
width) using Chenomx NMR suite 8.0, before subjecting to multivariate analysis such 
as principal component analysis (PCA). Compounds were identify and quantified using 
Chenomx Profiler 600 MHz database, before univariate statistical analysis was applied 
to the NMR data. For further details on data visualization and statistical analysis, refer 
to section 4.4.6. 
 4.2.5 LC-MS/MS Sample Preparation, Measurement and Data Processing  
Using 75% (v/v) cold methanol as the extraction solvent, the metabolite extraction 
procedures were similar to that for NMR analysis. Metabolite extracts were pre-
concentrated using speed vacuum (4 to 5 h) and stored at -80⁰C until sample analysis. 
Samples were reconstituted in initial column condition (5% acetonitrile), and analysed 
in a randomized run using 1290 Infinity binary pump liquid chromatography system 
coupled to 6540 quadrupole-time-of-flight MS. MS was first operated in full scan mode 
from 100 to 1700 m/z with a scan rate of 2 spectra/s (Agilent Technologies, CA, USA). 
Subsequent, the MS/MS analysis was acquired in targeted MS/MS mode with collision 
energies 10V, 20V and 40V. Instrument operating parameters used in this study are 
detailed in Table 4.2.   
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Table 4. 2 Instrument operating conditions for Agilent LC-QTOF-MS 
UHPLC Operating Parameters  
Column  Agilent Poroshell 120 SB-C18 (100 mm x 2.1 mm, 2.7 μ)  
Ionization Mode  Positive Mode  Negative Mode  
Column Temperature  40 ⁰C  40 ⁰C  
Flow Rate  0.5 mL/min  0.5 mL/min  
Injection Volume  5μL  10 μL  
Mobile Phase  Water with 0.1% Formic acid 
(A) 
10 mM Ammonium  Acetate in 
water (A) 
Acetonitrile with 0.1% Formic 
acid (B)  
10 mM Ammonium Acetate in 
95% acetonitrile (B)  
Elution Gradient  Initial equilibration at 2% B for 3 min, followed by step gradient 
from 2-75% (5 min) and 75-95% B (1 min). Column flush with 
95% B for 2 min, before re-equilibrating to initial column 
condition for 4 min. (Total run time of 15 min)  
LC-QTOF-MS Operating Parameters  
Ion Source  Agilent Jetstream Electrospray Ionization (ESI)  
Ionization mode  Positive  Negative  
Gas Temperature  325 ⁰C  325 ⁰C  
Gas Flow Rate  12 L/min  12 L/min  
Sheath Gas Temperature  325 ⁰C  325 ⁰C  
Sheath Gas Flow Rate  12 L/min  11 L/min  
Capillary Voltage  4000V  3500V  
Nebulizer  40 psig  40 psig  
Fragmentor  150V  150V  
Skimmer  45 V  45 V  
Reference Masses  121.0509, 922.0098  112.9856, 1033.9881  
 Background noises and solvent ions were removed from the raw LC-QTOF-MS 
data using the Molecular Feature Extraction (MFE) tool in Agilent MassHunter 
Qualitative Analysis software (B.06.00). A list of features extracted from the TOF mass 
spectra was subjected to alignment and filtering in Mass Profiler Professional (V 
12.6.1), and manual normalization to total spectrum area using MS Excel (2010, 
Microsoft, WA, USA). The data undergo recursive finding using the Find Compound 
by Formula (FbF) tool in Agilent MassHunter Qualitative Analysis Software to 
improve the reliability of finding true metabolite hits. Subsequently, multivariate 
analysis such as principal component analysis (PCA) was performed using Mass 
Profiler Professional. For molecular feature identification, the compound accurate 
Chapter 4 – NMR and MS-based Metabolomics of Local Cyanobacteria 
122 
 
masses were searched against several databases such as METLIN314, KEGG315, 316 and 
LIPIDMAPS317. The accurate masses were later validated by either matching the 
MS/MS spectra obtained from targeted MS/MS to databases, or comparing the product 
ions accurate masses and isotopic distributions using Agilent MassHunter Molecular 
Structure Correlator (B.05.00). Lastly, identified compounds were subjected to 
univariate statistical analysis to confirm the significance of change (Refer to section 
4.4.6) 
 4.2.6 Data Visualization and Statistical Analysis  
All multivariate data analysis and statistical analysis were performed using Agilent 
Mass Profiler Professional, and OriginPro 9.0 (OriginLab, MA, USA) was used to plot 
all graphs. Cluster heat maps were created using Euclidean distance calculation and 
Ward's linkage rule. Principal component analysis (PCA) models were plotted from 
log-transformed, total area normalized data to visualize the discrimination pattern 
among the Microcystis strains. NMR variables (spectral bins) that differentiated 
significantly between the two groups of subjects (toxic vs non-toxic), contributing to 
the discrimination pattern, were filtered by Moderated t-test using p<0.05. Contrast, 
LC-MS variables (molecular features) were filtered through volcano plot using 
conditions of p<0.01 and fold change > 5. The multiple hypothesis testing was corrected 
by Benjamini Hochberg false discovery rate88. One-way ANOVA followed by Tukey's 
post hoc test was performed to determine the statistical significance of individual 
variables.  
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4.3 Results and Discussion 
 4.3.1 Higher Photosynthetic Efficiency in Toxic Microcystis Strains  
Microcystis cultures grown to the early stationary phase (approximately 15-20 days) 
under high light condition were first observed under the light microscope at 40x 
magnification. The photomicrographs of various toxic and non-toxic Microcystis 
strains, showed that all Microcystis isolates have similar morphological features (Fig. 
4.1). Although toxic strain E and non-toxic strain P1E showed significantly different 
cell diameters, statistical analysis indicated that the differences were strain-dependent 
rather than MC-dependent. (Appendix III) 
 
Figure 4. 1 Optical micrographs of different Microcystis sp. cultivated under high light 
condition (Magnification at 40×). 
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 In contrast, a toxicity-dependent trend for cell densities was observed, where all 
toxic Microcystis strains had significantly lower total cell densities (2 to 5 times lower) 
as compared to the non-toxic strains (Fig. 4.2A & Appendix III). Since all strains had 
an average cell diameter of 4 μm, the lower biovolume in toxic strains was attributed 
by number of cell, rather than the cell diameter.318 While studies demonstrated MCs-
induced growth inhibition in aquatic plants319 and wetland grasses320, no studies have 
reported adverse effect of MCs on Microcystis growth. The lower cell density in toxic 
Microcystis was unlikely due to MCs-induced growth suppression. Rather, lack of 
inorganic resources for cellular functions (e.g. cell growth and reproduction), as all 
resources were allocated for secondary metabolites production (including MCs), is the 
probable reason for lower growth rate and cell densities in toxic cultures.318  
 The putative involvement of MCs in photosynthesis as reported in three 
individual 'omics' studies306, 307, 309, led us to measure several photosynthetic parameters. 
This include the end-products of photosynthesis; oxygen and total carbohydrates, as 
well as photosynthetic pigment chlorophyll-a. A comparison of dissolved oxygen 
content between toxic and non-toxic Microcystis strains, showed that the toxic cultures 
had approximately 1.5 to 6 folds higher oxygen evolution rate under high light 
condition (Fig. 4.2B & Appendix IV). Total carbohydrates concentration, another proxy 
for net photosynthetic activity, also displayed a similar toxicity-dependent trend (Fig. 
4.2C & Appendix IV).  
 The rate of photosynthesis, an essential chemical process that photoautotrophs 
(including cyanobacteria) synthesize oxygen and carbohydrates from sunlight, carbon 
dioxide and water, is regulated by several limiting factors such as light intensity, carbon 
dioxide concentration and temperature.321 Under conditions of high light intensity, high 
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abundance of carbon dioxide and optimum temperature, the photosynthetic rate could 
increase exponentially and plateaus when one of the factors is depleting. All 
Microcystis cultures used in this study were subjected to the same growth conditions 
(refer to material and methods). Hence, the increased photosynthetic rate observed in 
toxic strains under high light exposure was likely influenced by the presence of MCs, 
rather than the physiological conditions. 
 
Figure 4. 2 Total cell densities and photosynthetic parameters of different Microcystis 
strains. (A) Total cell densities of toxic and non-toxic strains (n = 3) determined at early 
stationary phase, and their respective (B) Dissolved oxygen content, (C) Total 
carbohydrates content and (D) Chlorophyll-a content after prolonged cultivation under 
high light condition. Significant mean difference within the same group (toxic and non-
toxic) were labeled by asterisk with p<0.05 (*), p<0.01 (**), p<0.001 (***). Model 
strains PCC7806 and NIVA-CYA43 were labeled as 7806 and CYA43 respectively. 
 The difference in chlorophyll-a content in all Microcystis strains was also 
significant (Appendix IV). As shown in Figure 4.2D, the levels of chlorophyll-a in non-
toxic strains were approximately 1.5 to 4 times lower than in the toxic cultures after 
prolonged high light exposure. Chlorophyll-a is a photosynthetic pigment which plays 
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an important role in the absorbance of a broad spectrum of light, and acts as the primary 
electron donor in the electron transport chain. Prolonged strong light illumination is 
known to cause photobleaching of photosynthetic pigments such as chlorophyll-a and 
carotenoids.322 Photobleaching reduced the amount of light energy that is captured by 
the photosystems (PSI and PSII), leading to lower photosynthetic efficiency and 
reduced carbohydrate production by photosynthesis. The lower chlorophyll-a content 
detected in non-toxic Microcystis strains suggested that photosynthetic apparatus in 
Microcystis was more susceptible to photodamage in the absence of MCs. Our 
chlorophyll-a trend is in agreement with that of Hesse and co-workers323, which also 
demonstrated higher chlorophyll-a content in toxic M. aueroginosa as compared to its 
respective MC-deficient mutant under different light intensities. Although these conventional 
methods suggested the involvement of mcy genes in light-related processes, the detailed 
mechanism is not clearly elucidated. Thus, NMR and MS-based metabolomic approaches were 
utilized to shed light on the metabolic changes of toxic and non-toxic Microcystis strains as a 
consequence of prolonged strong light stress, and to establish the involvement of MCs with 
these metabolic responses.  
4.3.2 NMR-based Metabolomics Revealed Phospholipid Degradation in Non-
Toxic Strains  
The metabolome of Microcystis strains cultivated under prolonged high light exposure 
was analysed by NMR spectroscopy. The NMR spectra of polar metabolites extracted 
from toxic and non-toxic Microcystis strains were overlay and visually compared 
against each strains (Fig. 4.3). Through visual inspection, we observed high variability 
in the classes and concentrations of metabolites present in the Microcystis strains, with 
some differences at the aliphatic (δ 2.00 - 0.00) and carbohydrate regions (δ4.00 - 2.00).  
The overlapping resonances make it difficult to visually identify all metabolites found 
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in the different strains. Hence, hierarchical cluster analysis (HCA) and principal 
component analysis (PCA), two unbiased multivariate pattern recognition methods, 
were employed to interpret the vase amount of NMR variables. HCA grouped variables 
and created a cluster tree based on the similarities of the metabolite profiles. On the 
other hand, PCA created two or three-dimensional ordination plots from linearly 
uncorrelated principal components after dimensionality reduction.243, 324 
 
Figure 4. 3 1H NMR spectra of Microcystis sp. polar extracts. (A) Toxic and (B) Non-
toxic strains cultivated under high light exposure to early stationary phase. The water 
region at δ 4.68-4.88 was removed for clarity.  
 The cluster tree offered a simplistic overview of the similarities and 
dissimilarities of the strains' metabolite profiles under prolonged high light exposure 
(Fig. 4.4A). The tight clustering of NIVA-CYA43 with K1 and PCC7806 with E 
indicated that the branching pattern was not influenced by geographical origin of 
sample isolation. Apart from the branching of toxic B and C strains' primary metabolite 
profiles, the remaining toxic strains (PCC7806, E) and all non-toxic strains (NIVA-
CYS43, K1, P1D, P1E) were mixed in the same clade of the cluster tree. Hence, HCA 
suggested that the primary metabolites detectable by NMR were fairly similar in all 
Microcystis strains. In contrast, the PCA scores plot displayed clear metabolic 
discrimination between the non-toxic and toxic cultures, in which all separations took 
place in the first and third principal components (PCs) and accounted for 38.93% of the 
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variance (Fig. 4.4B & Fig 4.5). The separation of toxic samples into two groups; (Fig. 
2B; B and C as Group 1 and PCC7806 and E as Group 2), while non-toxic strains were 
clustered as one group suggested that the discrimination pattern was likely influenced 
by toxicity. Total MCs content in the toxic strains determined earlier (Table 1) 
coincided with the metabolic differences; where B and C have approximately 20 times 
lower MCs content as compared to PCC7806 and E. The unique discrimination pattern 
observed in PCA scores plot (Fig. 2B) demonstrated the capability of NMR-
metabolomics to reveal MC-influenced metabolic changes in Microcystis spp. cultured 
under prolonged strong light condition. 
 
Figure 4. 4 Multivariate pattern recognition analysis of overall metabolite profiles 
detectable by NMR in different Microcystis strains. (A) Cluster tree using Euclidean 
distance calculation and Ward’s linkage rule (n= 242 variables). (B) PCA scores plot 
of all Microcystis strains under high light exposure. Clustering of toxic, non-toxic and 
QC samples are indicated by the red, blue and black shaded eclipse respectively.    
 Metabolites responsible for the discrimination patterns in Fig. 2B were 
visualized in a heat map analysis (Fig. 4.5). Overall, the analysis revealed 89 significant 
metabolic differences that were influenced by toxicity (38% of the NMR metabolomics 
dataset). While 34 of the spectral bins were assigned to known metabolites, a large 
proportion of spectral bins could not be identified due to the relatively low sensitivity 
of NMR. 




Figure 4. 5 Heat map visualization of different Microcystis strains. Fold changes were 
computed based on the normalized NMR spectral bin dataset of toxic against non-toxic 
strains. Up-regulation of metabolic changes in respective strains were depicted as red, 
whereas down-regulation were represented by blue. The overall metabolic changes 
between toxic and non-toxic strains were represented by symbol (↑/↓). As the assigned 
metabolites are commonly represented in more than 1 spectral bins, the number of 
significant spectral bins (n) assigned to the respective metabolite is listed on the side. 
Significant changes were labeled by asterisk with p<0.05 (*), p<0.01 (**), p<0.001 
(***). 
  Among the known metabolites determined by NMR, toxic strains have lower 
sucrose contents as compared to non-toxic Microcystis strains (Fig. 4.5). As the 
metabolic profiles of strains B and C were distinctively different from all other 
Microcystis strains (Fig. 4.4A & B), the metabolic differences observed in the cluster 
heat map could be largely influenced by these two strains. To ensure that the results 
accurately depict differences influenced by toxicity rather than strain-dependent, a 
separate cluster heat map excluding strains B and C was created (Fig. 4.6). The overall 
up-regulation of sucrose and precursors of sucrose biosynthesis pathway in toxic strains 
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PCC7806 and E, suggested that the differentiation in sucrose level was strain-dependent 
(Appendix VI). Significant increment of sucrose, the principal end product of oxygenic 
photosynthesis, together with higher dissolved oxygen and total carbohydrates contents 
discussed earlier, affirmed that PCC7086 and E strains had higher photosynthetic 
capacity as compared to non-toxic Microcystis strains under strong light conditions.  
 
Figure 4. 6 Heat map visualization of various assigned metabolites detected by NMR 
in different Microcystis strains, excluding strains B and C.  
  Despite having the lowest sucrose levels, we detected significant amount of 3-
hydroxybuytrate (3HB) solely in toxic strain B and C (Appendix VI). 3HB is a class of 
hydroxyalkanoate (HA) naturally formed in heterotrophic bacteria, and sometimes in 
photoautotrophic cyanobacteria. The monomer can undergo intracellular 
polymerization to form poly-3-hydroxybutyrates (PHB).325,326 The primary role of PHB 
in oxygenic photosynthetic cyanobacteria is the storage of excess carbon fixed through 
photosynthesis as carbon and energy reserve sources.327 Although intercellular PHB 
was not determined in this study, Bhati and co-workers328 confirmed that PHB was 
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present in the model toxic strain, M. aeruginosa PCC7806, with highest PHB level 
recorded at the stationary growth phase. PHB has a similar biological role to 
carbohydrates as carbon and energy sources, hence high 3HB content in toxic strains B 
and C may be inferred as having high CO2 fixation capacity under strong light 
illumination. The relatively higher dissolved oxygen and total carbohydrates content in 
toxic B and C as compared to all non-toxic Microcystis strains further supported that 
all toxic strains have higher photosynthetic efficiency.  
 Previous studies demonstrated that high light intensity is one of the factors 
known to inhibit photosystem II (PSII) activities,329 causing photoinhibition.330 Strong 
light damaged the photosynthetic apparatus by the accumulation of large amount of 
reducing equivalents in the electron transport system. Strong light-induced redox 
imbalance could attribute to an overproduction of reactive oxygen species (ROS), 
which caused oxidative stress and further increased the extend of photoinhibition by 
inhibiting the repair of PSII.330 Phospholipids are considered to be vulnerable to 
oxidative stress due to their unsaturated fatty acid residues, and loss of membrane 
phospholipids phosphatidylethanolamine (PE), phosphatidylcholine (PC) and 
cardiolipin (CL) have been previously documented.331 Significant increment of 
byproducts (glycero-3-phosphocholine, choline, o-phosphocholine and ethanolamine) 
from phosopholipid degradation pathway in all non-toxic Microcystis, suggested that 
non-toxic strains experienced greater oxidative stress, which resulted in phospholipids 
degradation (Fig. 4.7)  




Figure 4. 7 Proposed toxicity-influenced phospholipid degradation pathway. Key 
metabolic pathways are highlighted in orange, and key metabolites that were present in 
lower content in toxic Microcystis are highlighted in red, while those higher in toxic 
Microcystis are highlight in green. 
 In addition, elevated levels of glutathione and glutathione precursors (cysteine, 
glutamate) in non-toxic strains were observed (Fig. 4.8). Our glutathione trend 
coincided with work by Cameron and co-worker332, which reported drastic 
accumulation of glutathione in wild type Synechocystis sp. PCC6803 under strong light. 
Glutathione is a ubiquitous molecule involved in many cellular processes, including a 
role as an antioxidant and in the maintenance of cellular redox homeostasis. The 
accumulation of glutathione and its precursors further revealed redox perturbation in 
all non-toxic Microcystis strains. Overall, the metabolic changes observed through 
NMR indicated that all non-toxic Microcystis strains were more susceptible to 
photoinhibition and had lower photosynthetic capacity. This led us to speculate the 
involvement of MCs in photoinhibition resistance and photosynthetic apparatus 
stabilization. However, 34 significantly differentiated metabolites determined by 
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NMR-based metabolomics were insufficient to confirm the putative role of MCs in 
Microcystis sp. Hence, all samples were subjected to LC-MS in both positive and 
negative ionization modes to further gain insights into the toxicity-dependent metabolic 
changes.   
 
Figure 4. 8 Proposed MCs-influenced metabolic changes in choline metabolism 
pathway.  
 4.3.3 MS-based Metabolomics Unravel Biological Function of MC in 
Photoinhibition Resistance 
Similar to NMR-based metabolomics, HCA and PCA were utilized to interpret the vase 
amount of molecular features extracted from the total ion chromatograms (TIC). Cluster 
tree plotted based on LC-MS data acquired in both positive and negative modes showed 
unbiased separation between the toxic and non-toxic samples (Fig. 4.9 A and B). The 
separation suggested that the profile of secondary metabolites in Microcystis was 
largely influenced by the availability of MCs. The distinctive discrimination of non-
toxic strains from the toxic samples along PC1 in PCA scores plots, further supported 
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that the secondary metabolic changes in Microcystis strains were toxicity-dependent 
(Fig. 4.9 C and D). Although the data acquired using LC-MS gave a clearer separation 
between the classes, the overall discrimination pattern is similar to that obtained from 
NMR-based metabolomics.  
 
Figure 4. 9 Multivariate pattern recognition analysis of overall metabolite profiles 
detectable by LC-MS in different Microcystis strains. Cluster tree using Euclidean 
distance calculation and Ward’s linkage rule for LC-MS data detected in (A) positive 
mode (n = 6785 variables) and (B) negative mode (n= 5266 variables). PCA scores plot 
of all Microcystis strains in (C) positive mode and (D) negative mode. Clustering of 
toxic, non-toxic and QC samples are indicated by the red, blue and black shaded eclipse 
respectively.    
 As LC-MS has higher sensitivity as compared to NMR, the total number of 
variables obtained from LC-MS in either positive or negative ionization mode were 
almost 400 times more than NMR-based analysis. More stringent statistical approaches 
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were required to filter background noises and reduce the number of variables, therefore 
volcano plot with conditions of p<0.01 and fold change > 5 were performed. 18.0% and 
17.6% of the significantly differentiated variables were identified from the positive and 
negative ionization dataset respectively. A large portion of the known metabolites were 
involved in three main metabolic pathways: porphyrin and chlorophyll metabolism, 
fatty acid metabolism and glycerophospholipid metabolism. All significantly 
differentiating metabolites determined by LC-MS/MS positive and negative ionization 
modes were visualized using the cluster heat maps (Fig. 4.10 & 4.11).  
 Among the known metabolites determined by LC-MS, we observed up-
regulation of glycogen, another form of carbon and energy reserve source, in toxic 
Microcystis strains (Appendix VI). The accumulation of glycogen not only 
demonstrated that NMR and LC-MS provided complementary metabolic trends, but 
more importantly expanded the capability to analyse a wider range of metabolites. 
Several chlorophyll-a precursors (coproporphyrinogen III, protoporphyrinogen IX and 
protoporphyrin IX) were detected by LC-MS, and the concentrations of these 
precursors were lower in the toxic Microcystis samples. The lower levels of 
chlorophyll-a precursors, and accumulation of chlorophyll-a suggested a possible 
photoprotective mechanisms in toxic strains through the stabilization of photosynthetic 
pigments under strong light illumination. A list of key metabolites used to explain the 
biological functions of MCs in Microcystis under strong light were summarized in 
Table 4.3. 




Figure 4. 10 Heat map visualization of key validated metabolites in different Microcystis strains as detected by LC-MS/MS in positive mode ionization. The 
fold changes were computed based on the normalized LC-MS molecular feature dataset of all toxic strains against all non-toxic strains. 




Figure 4. 11 Heat map visualization of key validated metabolites in different Microcystis strains as detected by LC-MS/MS in negative mode ionization. The 
fold changes were computed based on the normalized LC-MS molecular feature dataset of all toxic strains against all non-toxic strains.  
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Table 4. 3 List of metabolites and their respective metabolic changes detected in different Microcystis strains. The intensity changes were computed based on 
NMR and LC-MS dataset of toxic strains (PCC7806, E, B, C) against non-toxic strains (NIVA-CYA43, K1, P1D, P1E). One-way ANOVA followed by Tukey’s 
post hoc test was conducted to determined significant metabolic changes. Significant changes were labelled by asterisk with p<0.05 (*), p<0.01 (**), p<0.001 
(***). 
Assignment 










Glucose √ x x x 
Carbohydrates 
↑*** 
Higher Photosynthetic Efficiency / 
Photoinhibition Resistance 
Glycogen x x √ x ↑*** 
Sucrose x √ x x ↑*** 
Glucose-6-P x √ x x 
Sucrose Precursor 
↓*** 
Glucose-1-P x √ x x ↑*** 
UDP-D-Glucose x x √ x ↓*** 
Chlorophyll-a √ x x x Photosynthetic Pigments ↑*** 
Coproporphyrinogen III x x x √ 
Chlorophyll a Precursors 
↓** 
Protoporphyrinogen IX x x √ x ↓*** 
Protoporphyrin IXI x x √ √ ↓*** 
Palmitoyl CoA x x √ x 




Reduced Oxidative Stress (Phospholipid 
Degradation & Accumulation of Antioxidant) 
Tetradecanoyl-CoA x x x √ ↓*** 
3S-hydroxy-decanoyl-CoA x x x √ ↓*** 
3S-hydroxy-octanoyl-CoA x x x √ ↓*** 
Phosphatidylcholine x x √ √ Phospholipid ↓* 




Phosphocholine x √ x x ↓*** 
Glycero-3-phosphocholine x √ x x ↓*** 
Glutathione x √ x x 
Antioxidant  & 
Antioxidant Precursors 
↓*** 
Serine x √ x x ↓*** 
Glutamate x √ x x ↓*** 
Phosphatidylglycerol x x √ √ Glycerophospholipid ↑*** 
Thylakoid Membrane Stabilization (Biosynthesis 
of phosphatidylglycerol) 




1,2-Diacylglycerol-3P  x  x √ x ↓***  
CDP-Diacyl-glycerol  x  x √ √ ↑***  
Lysophosphatidylglycerol  x  x √ √ ↑***  




 Our NMR-based metabolomic study had earlier revealed phospholipid 
degradation in non-toxic Microcystis as a consequence of strong light-induced 
oxidative stress. This is in agreement with our LC-MS results which demonstrated 
lowered phosphatidylcholine (PC), 1-acyl-sn-glycero-3-phosphocholine and 1,2-
diacylglycero-3-phosphate levels in non-toxic strains, indicating that they were more 
susceptible to oxidative stress. In addition, elevated amount of fatty acids (palmitoyl-
CoA, tetradecanoyl-CoA, 3S-hydroxyl-decanoyl-CoA, 3S-hydroxyl-octanoyl-CoA), 
another class of phospholipid degradation by-products in non-toxic strains also 
confirmed the presence of MCs was essential for regulating oxidative stress. Previous 
study had demonstrated  that the covalent binding between MCs and several Calvin 
cycle enzymes not only stabilized the enzymes, but also allowed the toxic Microcystis 
to continue CO2 fixation under environmental stresses.
306 This is in line with our 
metabolomics results, where under strong light condition, toxic strains had lesser 
phospholipid degradation but higher photosynthetic efficiency as compared to the non-
toxic strains. 
 For the toxic strains, the increased phosphaidylglycerol (PG) content and 
depletion of preceding metabolites involved in the PG biosynthesis pathway were 
observed (Fig. 4.12). PG, the sole anionic phospholipid for autotrophs, is essential for 
the formation and function of thylakoid membranes - sites for photosynthetic electron 
transport chain and photophosphorylation.333 PG also played an important role in the 
assembly and stabilization of the photosynthetic machinery, and the depletion of PG 
was reported to suppress PSII activities.334 The localization of MC between the 
thylakoid membrane documented by Young and co-workers335, corresponded with our 
metabolomics findings, and further supported that MCs were involved in several light-




related mechanisms such as thylakoid membrane stabilization and photoinhibition 
resistance.  
 
Figure 4. 13 Proposed toxicity-influenced phosphatidylglycerol (PG) biosynthesis 
pathway. Key metabolic pathways are highlighted in orange, and key metabolites that 
were present in lower content in toxic Microcystis are highlighted in red, while those 
higher in toxic Microcystis are highlight in green. 
4.4 Conclusion 
In this study, we demonstrated the potential use of complementary metabolomics tools 
(NMR and LC tandem MS) together with multivariate data analysis to elucidate the 
biological functions of microcystins (MCs). The two analytical techniques complement 
well with each other, with NMR detecting abundance primary metabolites in different 
Microcystis strains, and secondary metabolites with varying chemical natures (less 
polar to highly polar) were determined by LC-MS/MS. Quantification of 
photosynthesis end products using conventional methods revealed that under prolong 
strong light cultivation, toxic Microcystis strains (PCC7806, E, C, B) had higher 
photosynthetic efficiency as compared to non-toxic Microcystis sp. We could interpret 




from the trend that non-toxic strains were experiencing photosynthesis inhibition, a 
common adverse effect of strong light exposure. In addition, the data revealed that MCs 
facilitated photosynthesis in toxic strains, possibly through the stabilization of 
photosynthesis apparatus. The discrimination patterns of Microcystis strains coincided 
with their total MCs content, which confirmed that the metabolic differences were 
influenced by MCs. Up-regulation of photosynthetic pigments (chlorophyll-a), carbon 
reserve sources (sucrose, 3-hydroxybutyrate, glycogen) and thylakoid membrane 
building blocks (phosphotidylglycerol) supported the involvement of MC in 
photosynthesis apparatus stabilization under high light illumination. Furthermore, 
lower concentrations of intermediates involved in phospholipid degradation revealed 
that the presence of MCs increased Microcystis sp. resistance towards light-induced 
oxidative stress. Taken together, NMR and MS-based metabolomics unravel the 
involvement of MCs in photoinhibition resistance, and confirmed its role in thylakoid 
membrane and chlorophyll-a stabilization. 
  




Chapter 5: Overall Conclusion and Future Perspective 
5.1 Overall Conclusion 
Metabolomics is a versatile technology that can be applied to a wide range of research 
areas such as functional genomics, environmental and biological-stress studies and 
integrative systems biology. Defined as the simultaneous detection and quantification 
of metabolites present in any cells, tissues or whole organism, untargeted metabolomics 
reveal metabolic pathways affected by external stimulus or genetic modifications. 
Furthermore, untargeted metabolomics may detect unexpected or novel metabolic 
responses which cannot be picked up through conventional analyses or even targeted 
metabolomics.  
 In this thesis, we employed untargeted metabolomics to unravel the effects of 
abiotic stressors on freshwater phytoplankton. Phytoplankton are photosynthetic 
microorganisms found in almost all freshwater rivers, lakes and reservoirs. Being the 
primary oxygen producer and sole food source for zooplankton, phytoplankton are an 
important class of organisms for aquatic biological productivity. The driving force for 
our studies resolved around global environmental issues arise from freshwater 
phytoplankton. One of the natural phenomena is that some species of phytoplankton 
(e.g. cyanobacteria) are known to produce cyanotoxins. Exponential growth of toxin-
producing cyanobacteria known as harmful cyanobacterial bloom as a consequence of 
nutrient loading from anthropogenic activities have adverse impact on the aquatic 
ecosystem and human health. Prior to imposing solutions to reduce algal bloom, and 
cyanotoxin content in freshwater bodies, it is essential to understand the toxin 
production mechanism within cyanobacteria. In another case, green microalgae, a 
major group of phytoplankton, are prone to bioconcentration and bioaccumulation of 
toxic, persistent pollutants released from human activities. Toxic effects of pollutants 




biomagnified across the food chain, is a significant problem to human as the final 
consumer.  Thus, remediation of contaminated freshwater bodies became a top priority 
of many government agencies. The high metal biosorption capacity (20-50%) of several 
species of algae suggested its potential use for bioremediation of heavy-metal polluted 
wastewater. To further improve the metal uptake capacity possibly by metabolic 
engineering, first we need to understand the metal uptake mechanisms. 
 Analysis of all metabolites present in a sample is extremely challenging, as 
metabolites vary greatly in abundance, solubility, chemical structures, molecular 
weight and physicochemical properties. Apart from selecting chemically compatible 
solvents for metabolites extraction, the detection and quantification of metabolites are 
highly dependent on the analytical tools used. To date, there is no single analytical 
technology available to analyse the whole metabolome. Therefore, a number of 
complementary tools have to be established to detect, quantify and identify as many 
metabolites as possible. In Chapter 2, a combination of NMR and LC-QQQ were used 
to detect abundance primary metabolites and metal-chelating thiol compounds 
Chlorella vulgaris spiked with single concentrations of copper, cadmium or lead. 
Unique discrimination patterns in the PCA scores plot revealed metal-specific 
metabolic responses in C. vulgaris, where > 200 μM CuCl2 induced photosynthesis 
impairment and oxidative stress, and hypoxia stress was observed in C. vulgaris treated 
with > 200 μM CuCl2  and 500 μM Pb(NO3)2. ICP-MS further suggested metal-specific 
uptake by C. vulgaris, with microalgae having highest removal capacity for Pb, 
followed by Cu and Cd.  
 In Chapter 3, the study was extended to tropical green microalgae, Chlorella sp. 
subjected to multi-metal systems. A combination of NMR-based metabolomics and 




metallomics by ICP-MS unravelled synergistic effects of Cu and Cd in chronic multi-
metal toxicity and oxidative stress. Elemental analysis further revealed Cu-facilitated 
uptake of Cd and Pb, and quantification of extracellular polymeric substances (EPS) 
produced after metal treatments, strongly suggested that EPS was responsible for the 
increase uptake capacity of Cd and Pb. In Chapter 4, NMR and MS-based metabolomics 
were used to elucidate the biological functions of cyanotoxins produced selectively by 
certain strains of Microcystis sp. Metabolic differentiation observed between toxin and 
non-toxin producing Microcystis sp. cultivated under strong light intensities confirmed 
its involvement in photoinhibition resistance. Photoinhibition resistance in toxic strains 
were possibly achieved by MCs stabilization of photosynthesis apparatus such as 
thylakoid membrane and chlorophyll-a, and reduced oxidative stress arise from light-
induced ROS accumulation. 
5.2 Future Perspectives  
One of the future research focus in the environmental metabolomics would be the 
translation of basic metabolomics research into practical applications. For example, 
early detection of chronic sublethal toxicity in aquatic organisms caused by low levels 
(below detection limits) of toxicants. In order to predict toxicity and evaluate ecological 
risk assessment, several factors have to be considered: 1) database of organism 
metabolic responses exposed to as many as possible toxicants (current and emerging), 
2) toxicants must have unique mode of actions (MOAs) which enable discrimination 
between the classes. To date, some studies have demonstrated the potential of 
prediction model created based on the unique MOAs of various classes of toxicants to 
predict toxicity.118, 336, 337 These studies were modelled using test subjects grown under 
controlled laboratory conditions, and the subjects were treated with one variable per 
test condition. Hence, lab organisms would not exhibit inter-individual metabolic 




variations, normally arise from interactions with uncontrolled environment, and these 
experimental setup cannot account for interactions between toxicants.  
 To account for possible interactions between organism and their external 
environment, environmental metabolomics is shifting its focus to field studies. In field 
studies, free living organisms were collected directly from natural environment or 
brought back to laboratory for further treatments. Field studies certainly pose greater 
challenges as compared to experiments carried out in controlled laboratory conditions, 
as there are more combination of variables which could influence the metabolic 
responses. Thus, in parallel to field studies, we could still use lab organisms for 
metabolomics studies, but subjecting them to different combinations of abiotic stressors 
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Appendix I  
Relative concentrations of metabolites determined to have significantly influenced the 
discrimination pattern observed in PCA scores plot (Fig. 2A-C). Column plots in Figure 
I showed changes in the relative concentration of various metabolites when the culture 
medium was spiked with different concentrations of a) CuCl2, b) CdCl2, c) Pb(NO3)2 


































Figure I. Effect of metal concentrations on C. vulgaris metabolome. Relative 
concentration of metabolites determined from NMR spectroscopy with reference to 0.5 
mM DSS, when C. vulgaris was spiked with various concentrations (0, 10, 50, 100, 200 
and 500 μM) of a) CuCl2; b) CdCl2; 3) Pb(NO3)2. Significant changes were labelled by 


















Figure II. Optical micrographs of Chlorella sp. cells treated with various 
metal combinations at different exposure durations. Magnification at 40 x. 








Figure III. Box plot representation of (A) cell diameter and (B) cell density of different 
Microcystis strains, and the respective mean difference determined by Tukey's post hoc 
test with significance of p=0.05. Model strains PCC7806 and NIVA-CYA43 were 








Figure IV. Box plot representation of (A) dissolved oxygen, (B) total carbohydrates 
and (C) chlorophyll a content detected in different Microcystis strains, and the 
respective mean difference determined by Tukey's post hoc test with significance of 
p=0.05. Significant mean differences between 2 strains are coloured red (p<0.05), while 
non-significant mean differences are coloured black (p>0.05). Model strains PCC7806 








Figure V. PCA scores scatterplots of NMR variables demonstrated toxicity-influenced 
separation between different Microcystis samples for the first 3 principal components 
(PCs). (A) The first 2 PCs showed clear separation between toxic strains B and C along 
PC1 and non-toxic strains P1D and P1E along PC2. (B) Component 1 and 3 showed 
distinctive separation between toxic strains PCC7806, E and B along PC3. (C) 
Component 2 and 3 did not display clear toxicity-dependent differentiation. (D) The 
barplots displayed the component-wise (red bars and numbers) and cumulative variance 














Figure VI. Concentration of carbon and energy reserve sources in different Microcystis 
strains. (A) Sucrose; (B) Monomer of polyhydroxybutyrate, 3-hydroxybutyrate (3HB) 
and (C) Glycogen. Model strains PCC7806 and NIVA-CYA43 were labeled as 7806 
and CYA43 respectively. 
 
